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The rapid advancement of artificial intelligence (AI) has transformed marketing
communications by enabling the creation of Al-generated content (AIGC), including text,
images, and visuals that replicate human creativity. While AIGC provides efficiency and
scalability for brands, its influence on consumer perceptions and brand image remains
underexplored. This thesis examines how Al-generated content affects brand image within
the fashion industry. A mixed-methods approach was used: qualitative interviews with
marketing professionals informed the design of a bilingual online survey (n = 114), analyzed
through exploratory factor analysis, logistic regression, and cluster analysis.

The findings reveal two main dimensions shaping consumer attitudes toward Al-generated
content: Human Connection & Authenticity and Al Acceptance & Innovation. Results show
that Al-generated brand communications can enhance perceptions of innovation but may
also lead to skepticism among certain consumer groups. The study contributes to digital
marketing and branding literature by offering empirical evidence on the role of Al in
reshaping brand communication and provides practical insights for marketers on integrating
Al tools into brand strategies effectively.
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1 Introduction

As artificial intelligence technology advances and its capabilities expand, it is becoming in-
creasingly popular each day. With its growing popularity, artificial intelligence has become
an integral part of business practices. Al-powered tools are now present across various func-
tions, including marketing. They modernize and enhance marketing practices and overall
business operations by leveraging rich data analytics to provide valuable insights (Gupta et
al., 2025). These insights, derived from various data sources, are utilized to enhance effi-
ciency, automate processes, and optimize decision-making (Campbell et al., 2020). Compa-
nies can benefit from Al in various marketing functions, including customer segmentation
and targeting, personalized recommendations, Al-powered chatbots and virtual assistants,

automated email marketing, and content generation (Gupta et al., 2024).

One of the AI’s most transformative applications is Al-generated content (AIGC). Accord-
ing to Mucci (2024), Al-generated content refers to the text, images, videos, audio, or other
forms of media created using artificial intelligence models that simulate human creativity.
With the capabilities of Al, marketers can produce content for marketing communications
simply and quickly. This content can be used across multiple channels, including social me-

dia platforms, company websites, email marketing, and company blogs.

Despite its growing role in creating brand voice (Kirkby, Baumgarth & Henseler, 2023),
together with its increasing awareness, extensive use, and widespread adoption in the busi-
ness world, the direct impact of AIGC remains largely unexplored. Existing literature pri-
marily focuses on Al applications in digital marketing and the opportunities they offer, such
as personalization, while also acknowledging some of the challenges associated with Al
tools. More recently, academic research has shifted toward data privacy, regulatory frame-
works, and ethical concerns, as well as strategies to mitigate these risks (Gupta et al., 2025).
In the field of AIGC, the literature primarily focuses on technology adoption (Li et al., 2025).
However, studies examining the influence of AIGC on brand image remain scarce. Under-
standing this impact is essential for brands to effectively integrate Al into their brand com-
munications while preserving their unique identity and maintaining a strong connection with

their customers.



1.1 Background of the Study

This section summarizes the existing research and introduces the three main pillars that form
the foundation of this study: digital marketing, brand image, and artificial intelligence. These
interconnected areas will form the foundation of this study within the fashion industry con-

text.

1.1.1 Digital Marketing

With the widespread use and growing adoption of the internet, marketing practices have
shifted from traditional methods such as television and billboards to digital marketing chan-
nels, including social media, email marketing, and online advertisements (Cai & Choi, 2023;
Leeflang et al., 2014; Nottorf, 2014). While this transition is often attributed to the goal of
reaching younger generations, studies indicate that digital adoption is also rising among

older demographics (Bughin, 2015; Nunan & Di Domenico, 2019).

Digital marketing offers several distinct advantages for marketers, such as cost-effective-
ness, enhanced personalization, precise customer targeting, real-time campaign tracking, in-
creased customer interaction, and improved customer relationship management (Yasmin,
Tasneem & Fatema, 2015; Chandra et al., 2022; Wertime & Fenwick, 2011; Stone & Wood-
cock, 2014; Dastane, 2020). Among the various digital marketing channels, social media
marketing stands out as one of the most influential. It enables both individuals and businesses

to create content and share it within their networks (Kaplan & Haenlein, 2010).

Additionally, through multichannel strategies, brands can effectively engage with diverse
demographic groups using different content formats (Haenlein et al., 2020). For instance,
they can utilize text-based content on blogs and social networking sites like Facebook and
X, share images on Instagram, Pinterest, and Snapchat, and publish short, engaging videos
on TikTok and Instagram Reels. Today, social media marketing and digital marketing strat-
egies are widely adopted by both business-to-consumer (B2C) and business-to-business
(B2B) brands, with marketers allocating significant portions of their budgets to these cam-

paigns.
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1.1.2 Brand Image

Brand image is a concept shaped by customers based on their interpretations of a brand, and
it significantly influences consumer behaviour (Faircloth, Capella & Alford, 2001; Aaker,
1991). It is formed through a combination of marketing activities, contextual factors, and
customer characteristics (Dobni & Zinkhan, 1990). A strong brand image offers numerous
benefits in both consumer and business markets, including enhancing perceived quality, in-
creasing sales, and contributing to overall brand success (Hoeffler & Keller, 2003; Cretu &

Brodie, 2007; Oliveira-Castro et al., 2008).

Brand image plays a crucial role in building brand equity (Keller, 1993). Brand equity refers
to the added value a product or service gains due to its brand presence (Tuominen, 1999;
Yoo, Donthu & Lee, 2000). It can be measured through various approaches, including cus-
tomer-based brand equity, which focuses on how consumer perceptions shape brand value
(Forero-Siabato & Duque-Oliva, 2014, as cited in Gutiérrez, Perona Pdez & Gutiérrez

Bonilla, 2024).

Despite its advantages and contribution to brand value, managing brand image presents chal-
lenges. The effectiveness of branding activities varies across different product categories,
and cultural differences play a significant role in shaping branding success (Oliveira-Castro

et al., 2008; Yoo & Donthu, 2001).

1.1.3 Artificial Intelligence

Artificial intelligence (Al) is a technology that leverages large-scale data to perform analysis
and generate new information using machine learning techniques (Overgoor et al., 2019;
Zhang et al., 2023; Aydin & Karaarslan, 2023). In marketing, Al is utilized to enhance cam-
paign management, improve targeting, enable personalized engagement, optimize customer
experiences, and automate content creation for various campaigns (Dwivedi et al., 2021;

Kaplan & Haenlein, 2019; Kumar et al., 2019; van Esch & Stewart Black, 2021).
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The application of Al in content creation offers both benefits and challenges. It enables mar-
keters to automate content production, generating high-quality and highly personalized ma-
terial (Rivas & Zhao, 2023; Kumar et al., 2019). While advanced Al tools require significant
investment, simpler Al-powered solutions provide cost-effective and efficient alternatives,
particularly beneficial for small businesses with limited resources (Cao et al., 2023; Gupta
et al., 2024; Dwivedi et al., 2021). However, consumer acceptance of Al-generated content
remains uncertain. A major barrier is the lack of trust in Al primarily due to its inability to
convey human emotions, which affects consumer perception and adoption (Chen et al., 2022;

Gray, 2017; Labib, 2024).

To ensure the successful adoption of Al-generated content, transparency is a key factor
(Aguirre et al., 2015). This is especially important in personalized marketing, where while
Al-driven customization can enhance engagement, excessive personalization can have un-
intended negative consequences, making consumers feel vulnerable (Zhang et al., 2023;
Aguirre et al., 2015). Ultimately, trust plays a crucial role in driving engagement, strength-
ening brand connections, and influencing consumer behavior (Kaplan & Haenlein, 2019;

Chen et al., 2022).

1.2 Key Definitions

This section defines the key terms and concepts for this study.

Digital Marketing: Digital marketing is a set of activities and processes that leverage digital
technologies to promote products, services, brands, individuals, and organizations (Kannan
& Li, 2017). Nowadays, digital marketing has become a part of all aspects of marketing,
including PR, branding, customer relationship management (CRM), and product manage-

ment (Kingsnorth, 2022).

Social Media Marketing: Social media is an online platform that enables users to generate
and share information and content, leveraging the features of Web 2.0 (Kaplan & Haenlein,
2010). It enables brands to connect with customers while also facilitating interactions be-
tween customers and the brand (Appel et al., 2019). It fosters global communication and

allows information retrieval from geographically diverse resources (Carlson & Lee, 2015).
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Artificial Intelligence (Al): Artificial intelligence is a machine that uses data to autono-
mously perform various tasks such as learning, planning, and problem-solving (De Bruyn et
al., 2020; Kaplan & Haenlein, 2019). With the support of complementary technologies such
as cloud computing, connectivity, and platform-based business models, Al is driving auto-
mation and impacting the processes for various stakeholders, including marketers and cus-

tomers (Campbell et al., 2020).

Artificial Intelligence Generated Content (AIGC): Al-generated content can be described
as the text, images, videos, audio, or other forms of new media created by Al models, such
as ChatGPT, DALL-E, or DeepSeek, by replicating human creativity and patterns learned
from their training data (Mucci, 2024). Humans and Generative Al collaborate in content
creation, with humans guiding the process by providing prompts, intervening when needed,

and customizing the final output (Li et al., 2025).

Brand Image: Brand image consists of the associations and perceptions that consumers hold
about a brand, and it plays a key role in shaping their behaviour. (Faircloth, Capella & Al-
ford, 2001; Aaker, 1991). It is formed by customers through their evaluation and processing
of the marketing content promoted by brands (Roth, 1995).

1.3 Statement of the Problem

The growing integration of Al-generated content (AIGC) into brand communications has
introduced new challenges for brands, particularly in maintaining their brand image while
adapting to technological developments. In discussions with marketing professionals and
individuals who are the target audience for brand messages, typical questions and scepticism
about AIGC emerged. These concerns have been observed in academic literature, blog posts,
as well as social and professional media. This suggests that professional and public interest
in the repercussions of AIGC is growing. These results highlighted the need for further aca-
demic exploration of this topic. A review of the literature revealed that, despite the increased
application of AIGC in marketing practice, the notion of brand image has remained compar-
atively untested. If this gap is not addressed, brands risk adopting technologies without fully

understanding the potential consumer backlash.
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Even though Al tools increase productivity in content generation (Wan, Zhou & Wang,
2024; Cao et al., 2023; Gupta et al., 2024), their use presents brands with certain communi-
cation challenges. For example, automation in content generation can lead to the loss of a
brand's unique voice. Authenticity is another issue since Al-generated content is based on
existing data and it lacks originality (Epstein & Hertzmann, 2023). Additionally, AIGC has
the potential to convey algorithmic bias and produce inaccurate or misleading content, which
undermines its credibility (Wach, 2023; Yang et al., 2024). These elements may influence
how consumers perceive and respond to the content, potentially affecting their level of trust
in the message and the brand (Haan, 2023). The absence of human emotion in AIGC may
further affect audience perception (Labib, 2024). Additionally, some critics have raised eth-
ical concerns about using Al-generated content, arguing that it will lead to the displacement
of human workers in creative tasks (Wan, Zhou, & Wang, 2024). Others mention that this
kind of content lack effort, craftsmanship, and human creativity, potentially diminishing the

brand's and the content's value in the eyes of consumers.

The qualitative data collected from in-depth interviews with marketing practitioners also
supported the presence of polarized attitudes toward AIGC. During the conversations, one
of the interviewees was very sceptical about utilizing it and questioned its potential long-
term impact on the brand. The remaining participants were enthusiastic and hopeful about
the opportunities AIGC offers. This variance in sentiment among professionals reflects the
intricacy of the subject and highlights why it is crucial to study AIGC perceptions and how

it impacts brand reputation.

1.4 Research Questions and Objectives

The purpose of this research is to discover whether there is a relationship between AIGC and
brand image. As the adoption of Al tools increases in brand communications, it is necessary
to understand consumer perceptions to incorporate Al tools into marketing strategies

successfully.

MQ: How does the adoption of Al-generated content in brand communications impact brand

image?
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In order to explore the impact of Al-generated content on brand image, it is necessary to

answer the following sub-questions:

SQ1: What key factors define consumers’ perceptions of Al-generated content in brand

communications?

SQ2: How do these consumer perception factors influence brand image outcomes such as

trust and message interpretation?

SQ3: How do distinct consumer segments differ in their attitudes toward the use of Al-

generated content in brand communications?

By addressing these questions, this study will contribute to the digital marketing literature
by providing a deeper understanding of AIGC and offering valuable insights for marketing
managers in the fashion industry on how to effectively leverage Al tools while maintaining

a brand image.

1.5 Theoretical Framework

This study is located at the intersection of three interrelated fields of academic study: artifi-
cial intelligence, digital marketing, and brand image, as indicated by the diagram below
(Figure 1). Together, these fields outline the ongoing evolution of marketing communication
strategies, fuelled by exponential technological advancement, evolving branding procedures,

and the expanding role of Al in marketing.

Through synthesizing these research streams, the study contributes to the literature on how
emerging technologies are reshaping the way brands communicate with their audiences. The

primary interest lies in determining how the use of Al-generated content affects brand image.
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Al in marketing

Digital Marketing Artificial Intelligence
Impact of Al -
generated
content on
brand image
Branding in sl
onlineg Lk

environments perceptions

Brand Image

Figure 1. Theoretical Framework

1.5.1 Digital Marketing

The broadest conceptual scope of this research is in digital marketing, which investigates
how brands utilize digital platforms, tools, and technologies to engage customers in a dy-
namic, interactive, and data-driven environment. Digital marketing has fundamentally trans-
formed brand communications. As consumer touchpoints have increased through digital
channels like social media and websites, how consumers interact with brands has also be-

come more complex, with less control (Kallevig, 2021).

Content produced by Al is currently widely used in these online environments to generate
branded communication materials at scale. As seen in Figure 1, this presents a unique inter-
section of digital marketing and artificial intelligence, where content is not only human-

designed but also computer-generated, transforming the branding field.
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1.5.2 Brand Image

As in traditional marketing, brand image also plays a key role in the digital marketing envi-
ronment. Aside from the product itself, creative digital marketing and communication are
essential in building a meaningful brand (Kallevig, 2024). In the context of brand image,
consumers' perceptions remain among the most critical factors, which are built through mul-
tifaceted communication activities and experiences across various touchpoints. In digital
marketing, these touchpoints could include eWOM, social communities, or advertisements,
and play a key role in building and strengthening the brand image through interactive, rela-

tionship-oriented communication (Deepa et al., 2025).

When Al is applied to create content throughout these touchpoints, it adds new dynamics to
brand perception. This establishes a second significant overlap: between artificial intelli-
gence and brand image, as demonstrated in the figure. In this case, attention shifts to how

consumers receive content that is no longer fully human-created.

1.5.3 Artificial Intelligence

Parallel to the transformation in digital marketing and the changes in branding practices,
artificial intelligence (AI) has emerged as one of the most revolutionary forces behind the
new marketing. Al technologies, particularly through improvements in large language mod-
els (LLMs), have made the way for generative Al models (Kar, Varsha and Rajan, 2023).
These technologies enable the production of Al-generated content (AIGC), through which
brands can automate text, image, video, and other types of content creation for application

in brand communications (Gao et al., 2023; Cao et al., 2023; Rivas & Zhao, 2023).

Implementing Al in brand communications presents immense possibilities, ranging from
scalability, efficiency, and customization (Kumar et al., 2019; Wan, Zhou & Wang, 2024;
Cao et al., 2023). However, it also introduces serious challenges. Both content creators and
consumers have questioned the validity, honesty, and emotional resonance of content gen-

erated by Al. These have serious implications on the acceptance and effectiveness of AIGC,
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not only from the consumer's point of view but even from the viewpoint of brands that con-
y p p

sider using these technologies as part of their communication mix.

As illustrated in the third circle of the model in Figure 1, artificial intelligence bridges both
digital marketing and brand image to redefine not only content production, but also how
content is interpreted and trusted by audiences. The implications of Al extend beyond pro-

duction efficiency to concerns of brand consistency and emotional resonance.

1.5.4 Impact of Al-Generated Content on Brand Image

At the intersection of digital marketing, artificial intelligence, and brand reputation stands
the emerging phenomenon of Al-generated content (AIGC). As depicted in the centre of the
theoretical configuration in Figure 1, the intersection signals an evolution in brand commu-
nications production, distribution, and consumption in the digital age. Although artificial
intelligence technologies enable cost-effective production of content across various plat-
forms, their increasing role in consumer-facing brand materials brings new brand perception

1ssues to the fore.

Brand image in branding theory is typically established through a combination of visual
identity, messaging, and enduring emotional connections. These are defined by the tone,
consistency, and perceived authenticity of a brand's communications. The introduction of
AIGC into this mix raises relevant questions: Can algorithmically generated content attain
the same degree of emotional depth as human-generated content? Will customers accept

content they know was generated by AI? And how does this affect their overall impression
of the brand?

Because Al technology is now used to create social media content, webpage content, product
descriptions, and visual assets, consumer exposure to AIGC is becoming ever more preva-
lent, often without explicit awareness. Such subtle integration can enhance efficiency and
scalability but also possibly erode authenticity if the content looks generic and impersonal-
ised. Therefore, how the emotional connection and credibility of AIGC are framed has be-

come central to calculating its effect on brand reputation.
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This study is positioned precisely at this intersection, exploring the response of consumers
to brand content generated by Al within the domain of fashion branding. Examining percep-
tual determinants such as authenticity, emotional resonance, and trustworthiness, the re-
search aims to identify whether and how AIGC changes brand image-building in online en-

vironments.

1.6 Research Methodology

This study employs a mixed-methods approach and combines quantitative and qualitative
approaches to investigate consumers' perceptions of Al-generated content (AIGC) used in
brand communication and their impact on brand image. The quantitative component forms
the core of the research, while the qualitative component was used in the early stages to
support the development of the survey instrument and in the later stages to interpret the

survey findings.

Prior to the survey, semi-structured interviews were conducted with three digital marketing
professionals from different countries to gather expert opinion regarding the use of Al in
brand communication. The interviews explored industry experiences with AIGC. The re-
sponses gathered in these interviews directly guided the construction of the survey, particu-

larly the creation of Likert-scale items.

The primary instrument of data collection is an online bilingual survey, developed and dis-
tributed by the researcher to target adolescents and young adults, as these individuals are
highly active on virtual platforms and are often exposed to brand communications, especially
in the fashion context. The survey consists of demographic items, measures of familiarity
with AIGC, consumer behaviour indicators related to fashion, an open-ended question, as
well as a set of Likert-scale items about attitudes toward AIGC. The survey was posted in
English and Turkish, with careful translation and review to ensure clarity, accuracy, and
consistency. A pilot survey was conducted with six participants, and the feedback was used

to improve the clarity of the questions. A total of 114 survey responses were collected.

Data analysis involved several steps. Participant demographics and general attitudes have

been presented with descriptive statistics. Thematic analysis was conducted on open-ended
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responses to identify the common strategies customers use to distinguish between Al-created
and human-created content. Exploratory factor analysis was used to identify consumer per-
ception dimensions, which were then incorporated into binary logistic regression models to
determine their correlation with consumer evaluations of AIGC. Finally, cluster analysis was
conducted to identify perceptually similar respondent groups. Although the interview data
were not subjected to formal analysis, they played a formative role in defining the direction

and structure of the survey.

1.7 Delimitations

This research includes several delimitations, which have been chosen to narrow down the
scope of the study and ensure its feasibility within the time and resource limitations of the

available period.

First, the study particularly focuses on Al-generated content (AIGC) in brand communica-
tions. Although artificial intelligence is widely used in various marketing areas, including
customer service, recommendation systems, and data analysis, this research focuses on ex-
amining the role of Al in content creation. The use of Al in other marketing activities falls

beyond the scope of this thesis.

Second, the fashion sector has been selected as the context of the study. The selection of the
sector is based on its strong presence and activity in digital media, particularly on social
media, where brand content in various forms is shared and consumed regularly. Fashion is a
sector renowned for its active interaction with audiences and dynamic nature, making it a
relevant context for examining the effects of AIGC. Moreover, the chosen target group for
the survey is a demographic that is active in following fashion brands online, interacting
with their content, and engaging in social media conversations about trends, fashion, and
brand identities. This behavioural tendency of the target group also underpins the selected

sector.

Third, the study focuses on psychological aspects to explore their role in shaping the brand
image, which is the primary dependent variable of the research. Other potential effects of

marketing communication, such as purchase intention, brand loyalty, or sales performance,
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are not directly assessed within this research. Instead, the study focuses on the impact of
AIGC use on the psychological processes that underlie consumer-brand relationships and

contribute to the development of brand image.

Fourth, the research is framed around descriptive survey analysis as the primary quantitative
method, complemented by semi-structured interviews with marketing and social media prac-
titioners to generate qualitative inputs. Both the survey respondents and interview partici-
pants are chosen using convenience sampling based on their availability and proficiency to
the research subject. To provide a broader perspective on consumer attitudes, the sample

participants were chosen from diverse geographical locations.

The delimitations were established to keep the research focused on the most relevant plat-
forms, demographic groups, and industry settings in which AIGC's application is both ap-
parent and meaningful. In this way, the study can provide insightful findings on the current

consumer-brand engagement in the digital environment.

1.8 Structure of the Study

This thesis is organized into five main chapters: Introduction, Literature Review, Methodol-

ogy, Findings, and Discussion.

The Introduction chapter sets the background and context of the research. It provides the
motivation for the study and presents the significance of Al-generated content (AIGC) in the
digital marketing environment, specifically in the fashion sector. The research problem is
presented along with the aim, objectives, and research questions. The main concepts are
defined to explain the scope of the research, and the delimitations are given to outline its
boundaries. A preview of the methodological approach is also provided in the chapter, which

concludes by outlining the thesis's structure.

The Literature Review chapter lays out the theoretical background of the research by exam-
ining three interconnected areas: digital marketing, brand image, and artificial intelligence.

It discusses the intersection of these fields, specifically within the scope of Al-generated
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content, and highlights relevant scholarly debates. Through this review, the main gaps in the

literature are identified, which the research aims to address.

The Methodology chapter outlines the research design and procedures followed in examin-
ing consumer attitudes toward AIGC. The chapter describes the mixed-methods design em-
ployed, including a main quantitative survey and complementary qualitative interviews with
marketers. The chapter covers data collection procedures, survey instrument development,
and sampling strategies. Data analysis procedures of descriptive statistics, thematic analysis,
exploratory factor analysis, logistic regression, and cluster analysis are elaborated. Proce-

dures followed to establish reliability and validity are also covered.

The Findings chapter reports the outcome of the data analysis. The chapter starts with a
summary of participant demographics and awareness of Al-generated content. This is fol-
lowed by the outcome of the thematic analysis of open-ended answers, the result of the ex-
ploratory factor analysis, and the interpretation of the logistic regression models. The chapter
concludes with the segments derived using cluster analysis to reveal perceptual variation

among consumer segments.

The Discussion chapter interprets the findings in light of the research objectives and existing
academic literature. The chapter discusses the dual impact of AIGC on brand image, high-
lighting how it can enhance perceptions of innovation while simultaneously raising concerns

about authenticity and trust.

Finally, the Conclusion chapter synthesizes the overall insights of the research. It summa-
rizes the key findings and explains them in light of the existing literature. It also presents
their broader implications for marketing and brand management. It concludes by acknowl-

edging its limitations and suggesting directions for future research.
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2 Literature Review

In recent years, digital marketing has been an essential component of contemporary market-
ing strategies, and it significantly contributes to brand image formation. Furthermore, with
the advent of artificial intelligence, digital marketing practices have evolved with the new
technology. Thus, the application of artificial intelligence in digital marketing influences the
way brands form their brand image. This chapter offers a review of current literature and
theories on these subjects. The section addresses key points on digital marketing, brand im-
age, Al, with special attention to Al-created content and its effects on brand communication
and consumer perception. It also summarizes key findings from recent empirical studies with

a table.

2.1 Digital Marketing

According to DataReportal (2025), as of 2024, 5.56 billion people used the internet, repre-
senting nearly 68% of the world’s population. An average user has spent more than 6 hours
online for the last 10 years, primarily for finding information (DataReportal, 2025). While
consumers increasingly integrate the internet into their daily lives, reaching them through

digital channels has become a necessity rather than a choice for companies today.

Traditionally, brands reached consumers through mainstream media channels such as tele-
vision, newspapers, magazines, and radio, or by establishing a presence in public spaces
through billboards, exhibitions, and events (Cai & Choi, 2023). On the other hand, nowa-
days, they have more options to reach their target audience with the help of digital marketing
tools. Digital marketing is the combination of activities and processes, leveraged by digital
technologies, to promote products and services, brands, individuals and institutions (Kannan
& Li, 2017). For this purpose, marketing managers usually use either company resources,
such as the company home page, e-mail, and company social media accounts, or online ad-
vertisement channels, such as banner advertisements or paid search advertisements
(Leeflang et al., 2014; Nottorf, 2014). However, the scope of digital marketing is not limited

to these channels. Nowadays, it has become a part of all aspects of marketing, including PR,
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branding, and product management (Kingsnorth, 2022). With the latest trends and develop-
ments in the industry, it also includes concepts such as influencer or affiliate marketing,

mobile marketing, and pay-per-click.

The use of these channels and strategies is essential due to evolving consumer characteris-
tics, as younger, tech-native generations become one of the prominent segments of the con-
sumer market (Bughin, 2015). Moreover, digital marketing strategies are not only essential
for reaching younger generations but also an effective channel to engage and interact with
older age groups, complementing traditional marketing approaches. Nunan and Di Dome-
nico (2019) suggest that digital adoption for older consumers is increasing, and marketers
should adapt their strategies to address these age groups, in addition to the younger audience.
As digital adoption continues to rise across generations, marketers should design inclusive

digital marketing strategies and cover the needs of various demographic groups.

The transition from traditional to digital marketing tools is driven not only by evolving
consumer behaviour and technological advancements but also by the distinct advantages that
digital marketing offers. Firstly, digital marketing is generally more cost-effective and helps
businesses to reach potential consumers who would otherwise be difficult to reach due to
various constraints like time and location (Yasmin, Tasneem & Fatema, 2015). Secondly, by
using digital capabilities, marketing can be personalised, and consumers can be targeted
more precisely. Personalised marketing involves providing consumers with tailored product
or service offers based on insights derived from their stored information (Chandra et al.,
2022), and it can be implemented by using technologies such as big data and machine learn-
ing. Thirdly, traditional marketing involves a delay in assessing campaign outcomes,
whereas digital marketing allows for real-time tracking of campaigns and adjustments if
needed (Wertime & Fenwick, 2011). This immediate feedback enables marketers to optimise
their strategies dynamically and enhance the campaign performance. Moreover, by leverag-
ing real-time analytics and tracking customer likes, comments, complaints, and buying de-
cisions, marketing becomes highly interactive (Stone & Woodcock, 2014). Collecting cus-
tomer data through digital marketing technologies, such as social media and search engines,
and analysing it is also essential for enhancing customer relationship management (Dastane,
2020). By continuously refining their approach based on consumer insights, brands can

strengthen their relationships with their customers to enhance brand loyalty.
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An important concept in digital marketing is electronic word-of-mouth (eWOM), which has
emerged as a result of digital transformation. The adoption of digital technologies has shifted
traditional word-of-mouth to online platforms, where consumers are increasingly sharing
their opinions about goods, services, brands, and companies, influencing others in their de-
cision-making process (Zhou et al., 2019). It is particularly significant, as more than 90% of
consumers read online reviews, and 67% base their purchasing decisions on them (Leeflang
et al., 2014). The motivation behind sharing information depends on the customer; it can be
the financial expectations, their desire to inform other customers, helping the company or
enhancing their own sense of value (Hennig-Thurau et al., 2004). While shopping, consum-
ers use the information acquired through eWOM to guide their decision-making process and
minimise uncertainty (Babi¢ Rosario et al., 2016). Moreover, Babi¢ Rosario et al. (2016)
suggest that eWOM positively impacts sales; therefore, brands should closely monitor con-
sumer discussions on online platforms. Since eWOM is also closely linked to brand engage-
ment, awareness, and knowledge, marketers can actively encourage and foster positive
eWOM to strengthen brand positioning (Cheung et al., 2020). By strategically engaging with
consumers, brands can create a better online reputation and enhance brand image in the long

run.

Social Media Marketing

Social media is an internet-based application where users can create and exchange infor-
mation and content by using the capabilities provided by Web 2.0 (Kaplan & Haenlein,
2010). Its most popular example is social networking websites, such as Facebook, but it also
includes blogs, discussion boards, chat rooms, forums, product or service ratings websites,

and many more (Mangold & Faulds, 2009).

According to Appel et al. (2019), social media initially emerged through social networking
websites like Myspace, which laid the foundation for more advanced platforms such as Fa-
cebook. These platforms did not emerge as a marketing tool in the early days. The motivation
of users when joining these platforms was to socialise with people they know, such as friends
and family, or meet with people who share common interests (Van Dijck, 2013; Appel et al.,

2019). Later, as a result of these socialisation efforts by sharing content, reacting, and joining
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discussions, users left an enormous amount of data behind, which is a valuable resource for
data engineers to analyse user behaviour, segment audiences, and develop targeted market-

ing strategies to start monetising social media platforms (Van Dijck, 2013).

Over time, brands recognised the growing interest in social media and established a presence
on these platforms. They became increasingly active as social media adoption and user en-
gagement continued to grow, and they integrated social media marketing into their strategies
to leverage the time consumers spend in these channels (Voorveld, 2019). To support these
strategies, social media is used for many different purposes, such as to show paid display
advertising, increase the awareness of the brand and show its personality, publish content,

understand the customers, and promote sales (Ashley & Tuten, 2015).

Not all social media channels serve the same marketing purposes since each platform offers
unique features that require tailored approaches for different channels. When social media
first emerged, text was the primary form of content. Consumers were sharing their experi-
ences on platforms like blogs and forums, and marketers primarily used these to gain insights
into consumer opinions (Lamberton & Stephen, 2016). Later, social network sites gained
popularity and attracted a large user base by enabling individuals to create profiles and con-
nect with others, whether they previously knew or not (Boyd & Ellison, 2007). Among these
social network sites, Facebook changed the rules of social media by offering brands the op-
portunity to increase visibility by interacting with consumers and creating a conversation

(Smith et al., 2012).

With the high adoption of mobile devices and the rise of platforms like Instagram, Pinterest
and Snapchat, visual content became more dominant. A significant number of users joined
these social media sites to share their own pictures as well as to stay connected with their
friends, and to see what their daily life is like. For many users, it was more convenient to
take a picture with a mobile device most of the time, rather than write a text (Li & Xie,
2020). Moreover, visuals were also a powerful tool for brands to create engagement, arouse
emotions, and influence decision-making processes (Valentini et al., 2018). Therefore, in
addition to the individual users, brands also started to be increasingly active in visually
driven platforms. After the picture trend, in recent years, short-form videos have overtaken

images in popularity with the success of TikTok, Instagram Reels, and similar short video
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formats on other social media platforms. These informal and dynamic videos create a
stronger connection between the content creator and their followers, primarily by delivering
entertaining content in a short time (Barta et al., 2023). They can be easily consumable,
which extends their reach and makes them more effective for capturing the attention of fol-

lowers.

In line with the release years of these social media platforms, the audience demographics
differ significantly, especially in terms of age. For example, older social media such as Fa-
cebook and Twitter are primarily used by individuals in their 40s, whereas Instagram users
are usually in their 30s, and TikTok has the youngest user base among these platforms (Haen-
lein et al., 2020). Therefore, demographics of the users should also be taken into account
while forming social media marketing strategies, in addition to the characteristics of the so-

cial media platform.

Another important factor when designing social media strategies is the business model. Even
though the aim of all marketers when designing social media communications is to create
engagement and reach their target customers (Leek et al., 2016), they should still tailor their
communication strategies based on their target market, whether they are engaging with cus-

tomers or other businesses.

In business-to-consumer (B2C) brands, social media marketing practices have been adopted
quickly with the rise of social media channels. Companies have recognised the benefits, such
as interactive communication, enhanced brand visibility, and the ability to shape public opin-
ion, and many of them have quickly incorporated social media marketing into their overall
strategies (Kaplan & Haenlein, 2010). Moreover, the brands formed social media communi-
ties, which helped them strengthen their relationships with customers while also driving
higher customer spending on their brands (Goh, Heng and Lin, 2013). They connected with
their customers not only through their own network or communities but also by leveraging
the networks of others, particularly individuals known as influencers. By sharing photos,
videos, and other content, influencers play a key role in shaping consumer perceptions, and

this approach has been rapidly embraced by B2C brands (Saima and Khan, 2020).
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For business-to-business (B2B) brands, the scenario is different. Until recently, branding
practices were mainly adopted by companies with a B2C business model, as were social
media marketing practices (Hutchins & Rodriguez, 2018). B2B companies usually assess
the impact of social media marketing as lower compared to B2C businesses and place less
emphasis on its role in their overall marketing strategy (Iankova et al., 2019). Moreover, in
B2B industries, social media marketing is often used internally for communication, project
management, and knowledge sharing, rather than externally, due to concerns about infor-
mation security risks in B2B settings (Jussila, Kédrkkdinen & Aramo-Immonen, 2014). How-
ever, this dynamic is shifting rapidly as more companies increasingly invest in social media
marketing strategies. B2B companies now leverage social media marketing for various pur-
poses. For example, X (formerly known as Twitter) is used for stakeholder communication,
Facebook supports both stakeholder engagement and employer branding, and LinkedIn
plays a key role in sales strategies and investor relations (Bourguignon, Terho and Hajjem,

2025).

2.2 Brand Image

Brand image refers to the perceptions that consumers hold about a brand, and it plays a
critical role in shaping consumer behaviour (Faircloth, Capella and Alford, 2001). It repre-
sents a collection of associations, where these associations refer to anything stored in
memory that is connected to the brand (Aaker, 1991). Brand image is not an objective eval-
uation of a brand; it reflects consumers' interpretations. It is an abstract concept, and it arises
from a combination of marketing activities, contextual factors, and customer characteristics,
rather than the product's technical, functional, or physical attributes (Dobni and Zinkhan,
1990). Even the people who use the brand and the contexts in which it is used can influence
its brand image (Patterson, 1999). Moreover, the brand itself and its associated meaning can
sometimes be even more important than the product or service, making a strong brand image

crucial (Berry, 2000).

Brand image is a valuable asset, and it can be used as a competitive advantage for companies
due to the several benefits it brings. For example, it affects the quality perceptions of cus-
tomers, increases purchase intentions, and fosters the confidence of customers towards the

brand (Hoeffler and Keller, 2003). Moreover, a strong brand image builds trust and enhances
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customer loyalty and advocacy (Jam, Khan and Paul, 2025). In the business market, it also
offers advantages by shaping customers' perceptions of the quality of a product or service
(Cretu and Brodie, 2007). It is particularly critical in highly competitive business environ-

ments, and it affects the success of the brand (Oliveira-Castro et al., 2008).

The relationship between brand image and brand equity has been studied by many scholars.
According to Keller (1993), brand image is an important factor contributing to brand equity.
The study of Faircloth, Capella and Alford (2001) also supports this theory by finding a
direct influence of brand image on brand equity. Brand equity refers to the unique marketing
effects that arise specifically due to the presence of a brand (Tuominen, 1999). It is built
over time in the minds of customers as a consequence of their interactions and experiences
with the brand (Hoeffler & Keller, 2002). It is a distinction between branded and unbranded
products. For example, an exactly similar product can have more sales or be more expensive
due to the strength of their brand equity (Ailawadi, Lehmann & Neslin, 2003). Brand equity
is a significant concept since a brand with strong equity has a lot of advantages, such as
being resilient in crisis, possessing a strong barrier to market entry of others, and persuading
customers easily (Farquhar, 1989). Due to these effects, brand equity can be seen as an added

value to the product and services (Yoo, Donthu & Lee, 2000).

Various methods for assessing brand equity can be found in the literature. In their research,
Forero-Siabato and Duque-Oliva (2014, as cited in Gutiérrez, Perona Pdez and Gutiérrez
Bonilla, 2024) classify brand equity approaches into four categories: cost-based, market
value-based, financial, and customer-based. Among these, the customer-based brand equity
model, also known as the consumer-based brand equity model, is the one most closely linked
to brand image. It refers to the added value of a brand from the customer perspective. Keller
(1993) emphasises that brands can build customer-based brand equity by selecting distinc-
tive brand identities like brand names or logos, developing marketing programs that rein-
force associations, and leveraging secondary associations with entities like companies, coun-
tries, or celebrities to enhance the brand's image. This model demonstrates how consumer
perceptions increase brand value based on the branding practices of the company by focusing

on their influence rather than a purely financial perspective.
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Managing brand image comes with certain challenges. Although brand image and branding
practices offer several benefits, not all products gain the same advantages. Oliveira-Castro
et al. (2008) found that the product category and market context significantly affect the brand
performance, and branding practices should be planned by considering the product itself, as
some products benefit from the branding more than others. Yoo and Donthu (2001) suggest
that branding practices do not influence all cultures equally; therefore, marketing strategies
should be aligned with the cultural dynamics and consumer responses of each market. This
often requires adapting the brand image in certain regions to reflect local preferences while
maintaining a consistent global identity in others (Roth, 1995). The key challenge in this

approach is ensuring that, with customisation, the brand does not lose its core identity.

Branding faces evolving challenges, and emerging concepts like green branding or develop-
ments in technology are becoming increasingly significant. For example, brands are using
virtual influencers in their marketing communications to project a technologically advanced
and forward-thinking brand image (Lou et al., 2023). Moreover, customers expect brands to
be socially and socio-politically conscious, and this expectation shapes how brands trans-
form their brand image nowadays (Parris & Guzman, 2023). As sustainability becomes a
key consumer expectation, brands are increasingly integrating eco-friendly initiatives into
their business practices and shaping their green brand image (Plotkina, Rabeson & Bam-
bauer-Sachse, 2025). As a result, brands should enhance their brand image by addressing

both emerging challenges and ongoing, timeless obstacles in the market.

2.3 Artificial Intelligence

Artificial intelligence (Al) evolved from a data-processing tool to a transformative force,
restructuring the ways in which brands interact with consumers. As its integration into mar-
keting and content creation becomes more widespread, understanding how Al functions, its
subdomains, and what it can accomplish is essential. This chapter provides foundations for
this study by describing how Al, particularly its generative forms, works within digital media
and brand contexts. It begins by outlining the technical underpinnings of Al and Generative
Al, and how AIGC is utilised within brand communications. It then examines how AIGC is
perceived by consumers, with a focus on the most important psychological and emotional

drivers, as well as offering necessary context for interpreting its impact on brand image.
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2.3.1 From Artificial Intelligence to Generative Al

Al is described by various academics across different fields. In computer science, it is de-
scribed as a computer agent that thinks and acts rationally and autonomously while under-
standing and mimicking human thinking and acting (Russell & Norvig, 2016). In their arti-
cle, De Bruyn et al. (2020) describe Al as machines that replicate human intelligence by
autonomously creating knowledge and performing various tasks such as learning, planning,
and problem-solving. Kaplan and Haenlein (2019) highlight Al's interaction with data in
their definition, stating that it leverages data to adjust and optimise itself in order to achieve
specific goals and complete tasks. The common theme across these definitions is that Al
technology revolves around autonomy and learning, which explains its increasing influence

and widespread adoption today.

Even though Al is not a new technology, it started to gain popularity in this decade (Over-
goor et al., 2019). Initially, it was mainly a tool to help analyse existing data (Zhang et al.,
2023). The rise of digital technologies and user-generated content on the internet has pro-
vided the dataset that Al needed for more advanced applications. With the availability of
large-scale data and developments in computational power (Overgoor et al., 2019), Al ap-
plications have evolved to a more complex process. Over time, developments in machine
learning and computational power led to the development of Generative Al (Zhang et al.,

2023).

Generative Al is the broad term used to describe machine learning models that generate
responses according to the prompts of the users, where machine learning is a type of artificial
intelligence that enables computers to recognise patterns in data and make predictions or
decisions based on them (Setra, 2023; Mucci, 2024). With the advancement of its subset,
deep learning, Al can process complex tasks such as understanding and generating human-
like texts (Mucci, 2024). By leveraging large language models, natural language processing
enables us to comprehend and produce these human-like texts, and it serves as the foundation
of Generative Al (Kar, Varsha and Rajan, 2023). To visually summarise the hierarchical
relationship between these components, a conceptual figure is provided below. While this
figure is original, it is inspired by a structural illustration presented in Maaz et al. (2025),

which mapped related Al subfields in a different disciplinary context (see Figure 2).
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Artificial Intelligence

Machine Natural Language
Learning Processing
Deep Generative Al

Learning

Figure 2. Conceptual Relationship Between Al, ML, NLP, and Generative Al.

Generative Al can be interpreted as a more advanced version of Al that differentiates itself
by creating new information (Aydin & Karaarslan, 2023). Moreover, it has the ability to
enhance its capabilities by learning permanently thanks to machine learning technology (Du-
mitriu & Popescu, 2020). This ability allows Al to refine its outputs over time. However, the
adjective "generative" does not necessarily reflect the nature of this production process since
Al models need some training data made by people to produce the output (Epstein & Hertz-
mann, 2023). Without the training data, Al cannot learn, generate meaningful outputs, or

improve its performance over time.

Although the technology had been evolving for years, its widespread adoption surged when
ChatGPT became freely and openly accessible in 2022 (Satra, 2023). This can be the turning
point of Al adoption since millions of users experienced the generative Al firsthand. Other
large language models were also introduced during this period, including GPT-4, Gemini,

LLaMA, and Claude.

2.3.2 Generative Al Applications in Marketing

The emergence of Generative Al models has permanently transformed marketing (Gupta et

al., 2024). Al tools can be used by marketers for several different goals, such as enhancing
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campaign management, better targeting, personalised engagement marketing and
communication, managing customer experiences, and creating content for campaigns
(Dwivedi et al., 2021; Kaplan & Haenlein, 2019; Kumar et al., 2019; van Esch & Stewart
Black, 2021). AI’s autonomy allows for a significantly reduced manual workload by
integrating it into the marketing operations. Beyond operational tasks, some companies also
leverage Al for strategic marketing decisions, including market selection, business model
development, and competitive strategy (Stone et al., 2020). These applications position Al

as a powerful tool that simplifies research and enhances decision-making in marketing.

With factors like simplicity and speed, some marketing managers become genuinely excited
about the capabilities of Al, and they have the perception that Al can learn and do anything
(De Bruyn et al., 2020). However, this enthusiasm might lead to overreliance on Al and
underestimating its limitations and risks. Marketers should be careful while adopting these
practices since Al also poses significant threats for organisations, such as losing some
valuable consumer behaviour insights, disconnection of relationships with customers, or

increasing vulnerability to changes in algorithms (Kozinets & Gretzel, 2021).

2.3.3 Artificial Intelligence Generated Content

In digital media, content is typically categorised into three types based on its creator: pro-
fessionally generated content (PGC), user-generated content (UGC), and, more recently, Al-
generated content (AIGC) (Li et al., 2025). Among these, AIGC has gained rapid adoption
nowadays due to recent technological advancements. With the increasing accessibility of
Generative Al tools, like ChatGPT, Gemini, and Midjourney, the content creation process
of brands has been significantly simplified (Gao et al., 2023; Cao et al., 2023). Marketers
started to use these tools to automate the production process of various types of high-quality
content, including social media posts for brands, texts for company blogs, or descriptions for
brand websites (Rivas & Zhao, 2023). The examples of AIGC include, but are not limited
to, images, music, and natural languages (Cao et al., 2023). Major art exhibitions are now
showcasing Al-generated photography (Cuénin, 2025), and even full-length films are being
produced using Al, which demonstrates its expanding role in content production (Setra,

2023).
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With these developments, a number of Generative Al tools have been created, each for dif-
ferent content forms and creative needs. Table 1 provides an overview of selected tools com-
monly used in AIGC, listing their primary functions and areas of application across digital

media.
Table 1. Examples of Popular Generative Al Tools and Their Applications in Digital Media
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One of the key advantages of Al in brand communications is its ability to generate content
that is tailored to a specific audience by leveraging the interpretation, learning, and adapta-
tion capabilities of generative Al (Kumar et al., 2019). The same message can be customised
into thousands of variations, which leads to a precise fit for an audience with different pref-
erences (Kaplan & Haenlein, 2019). To ensure a perfect match with customer preferences,
marketers can integrate historical data with real-time customer insights at the point of pur-

chase and use this information to craft content with generative Al (Campbell et al., 2020).
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Beyond its customisation capabilities, Generative Al is increasingly used as a creative assis-
tant in the content creation process. Marketers and content creators often utilise it during the
ideation phase to develop campaign concepts, generate visuals, brainstorm content ideas,
and foster fresh, innovative thinking (Joshi et al., 2025). In the best practices, human and Al
collaborates to create the best result. For instance, when Al-generated content is reviewed
and refined by humans, it shows similar linguistic patterns and quality to human-written text

while significantly reducing content creation time (Reisenbichler, 2022).

The adoption of Generative Al for content creation is valuable for small businesses with
limited resources. It lowers the barriers and democratises the content creation process by
allowing more efficient and accessible production of content (Wan, Zhou & Wang, 2024;
Cao et al., 2023). Small businesses can leverage the capabilities of tools like ChatGPT to
more effectively and efficiently manage their marketing communications, which might oth-
erwise require either an investment of time or money (Gupta et al., 2024). On the other hand,
medium and large enterprises are increasingly developing their own AIGC applications to
meet specific business needs (Wan, Zhou & Wang, 2024). Nevertheless, these more ad-
vanced Al tools for content creation require significant financial investment, along with ad-

ditional resources for their development, implementation, and maintenance (Dwivedi et al.,

2021).

In the future, AIGC is likely to become more embedded and prevalent, driven by ongoing
corporate investments, research and development efforts, and supportive government incen-
tives. The total market value of Al companies is growing significantly, driven by both major
tech giants such as Google, Microsoft, and OpenAl and innovative small-scale startups (Lee,
Kim, & Ivan, 2023). Moreover, the world’s largest economies, such as the USA, Europe,
and China, are actively developing Al strategies and integrating the technology through na-

tional policies and strategic frameworks (Wan, Zhou & Wang, 2024).

In parallel with this growing adoption, attention is also turning to the need for transparency
and accountability in AIGC. The disclosure of Al usage is currently optional for brands and
may create potential benefits, yet regulatory and industry trends suggest that this may change

soon. For example, technology companies like Meta are developing Al indicators in
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collaboration with industry partners, which will help automatically label the Al-generated

content and address transparency concerns (Clegg, 2024).

Nevertheless, there are various concerns associated with AIGC. Firstly, ethical, security, and
privacy concerns are under-addressed and require careful attention. Moreover, due to the
unsupervised information creation in the content generation process, AIGC often contains
inaccuracies and deceptive material (Yang et al., 2024). According to a 2023 Forbes survey,
76% of consumers express concern about misinformation generated by Al tools (Haan,
2023). While the accuracy of these technologies continues to improve over time, it is still

not possible to guarantee complete reliability.

The content generation process also perpetuates existing biases, resulting in discriminatory
outputs (Wach, 2023). The absence of clear content ownership and accountability further
complicates the regulatory landscape. For example, intellectual property rights violations are
difficult to prevent when content is produced by Al, raising concerns about its use in com-
mercial settings (Joshi et al., 2025). Another major concern is the potential displacement of

the workforce, leading to increased unemployment (Wan, Zhou & Wang, 2024).

2.3.4 Customer Perceptions on Artificial Intelligence

As Al-generated content (AIGC) becomes increasingly integrated into marketing and brand-
ing strategies, understanding how users perceive Al is essential. With the growing sophisti-
cation of Al technologies, it is becoming increasingly difficult for audiences to distinguish
whether content was created by a human or an algorithm. In 2023, only half of respondents
reported feeling confident in their ability to identify Al-generated content (Haan, 2023).
While many consumers may currently struggle to recognise whether content is Al-generated,
growing public discourse and industry developments suggest that awareness of Al use is
likely to increase, especially with the implementations towards the declaration of Al usage
(Clegg, 2024). In this evolving landscape, it becomes increasingly important to understand
not only whether consumers recognise Al involvement but also how this recognition influ-

ences their perceptions, particularly in terms of trust, authenticity, and acceptance.



36

While Al offers businesses powerful tools to enhance efficiency and creativity, its adoption
depends largely on user trust and acceptance. In this context, Siau and Wang (2018) argue
that Al holds a unique position compared to other technologies due to its different capabili-
ties, and they emphasise that both initial trust formation and continuous trust development
play a crucial role in shaping users' attitudes toward Al. Yet, this trust varies significantly
across stakeholder groups. Chen et al. (2022) highlight that the perceptions of customers and
marketers significantly differ about AIGC. While marketers are usually excited by the op-
portunity to use Al in their brands, consumers are more hesitant due to their lack of trust in

Al (Chen et al., 2022).

Trust is not the only factor influencing the perceptions of AIGC. User adoption also depends
on how individuals perceive, interact with, and emotionally engage with Al-generated con-
tent (Li et al., 2025). One of the reasons for not trusting Al, and thus its generated content,
is the fact that Al does not understand or replicate human emotions, making its content feel
less genuine (Gray, 2017). Since Al’s ability to interpret and respond to user emotions plays
a crucial role in shaping the overall user experience, emotional connections become a key
factor influencing its acceptance (Labib, 2024). Several studies support this argument. For
example, a study in the tourism industry comparing human-generated and Al-generated con-
tent found that professionally created human-made content outperformed Al-generated con-
tent across three key dimensions: informativeness, emotional appeal, and empathy (Zhang
et al., 2024). Zhang et al. (2024) argue that AIGC struggled to evoke strong emotions and
establish deep connections. Moreover, Arango, Singaraju, and Niininen (2023) found that
individuals show lower levels of empathy and weaker emotional perception in response to

Al-generated content.

Another study by Chen et al. (2024) found that while consumers view Al as capable and
rational, they do not associate it with emotional depth. As a result, Al-generated content is
more suitable for marketing communications that emphasise innovation, performance, or
efficiency, whereas emotionally driven campaigns are more effective when delivered with a
human touch (Chen et al., 2024). Human touch is also crucial in mitigating the negative
perceptions associated with AIGC. For instance, people may experience a sense of eeri-
ness—a feeling of discomfort when interacting with something with human-like features but

still artificial—which can result in distrust, discomfort, or lower engagement with the
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content (Gu et al., 2024). The study of Pelau, Dabija, and Ene (2021) also confirms this
argument by emphasising the importance of empathy and suggesting that perceived human-
like features are insufficient alone, and it may even be perceived as a threat. In order to
mitigate these feelings, marketers should ensure that they provide sufficient information to
Al models while designing a campaign, refine the algorithms, and minimise the artificial

impression of the content (Gu et al., 2024).

Authenticity is another important concept affecting perceptions. It refers to the uniqueness
and inimitability (Iversen & Hem, 2008). It is particularly relevant in the context of Al-
generated content, as consumers often struggle to distinguish whether something was created
by a human or an Al tool (Wen & Laporte, 2024). This uncertainty makes it harder for con-
sumers to assess how genuine or original the content is, which in turn raises questions about

its authenticity.

Several studies and experiments have been conducted across various fields to explore per-
ceptions of authenticity in relation to Al-generated content (AIGC). In an experimental
study, Jago (2019) demonstrated that when participants were told certain content was algo-
rithmically generated—despite it being actually human-generated—they rated it as less au-
thentic. The content in his study belonged to emotionally or morally charged domains such

as music, ethics, or art.

On the contrary, Kirkby, Baumgarth, and Henseler (2023) found that within the branding
domain, the disclosure of AIGC usage does not diminish perceived authenticity, even when
the communication has an emotional tone. Their experiment in brand texts, such as product
specifications, descriptions, and chatbot dialogues, suggests that disclosing Al use does not
negatively impact perception and companies may even enhance brand image by emphasising

transparency, ethical practice, and authenticity (Kirkby, Baumgarth, & Henseler, 2023).

Zhang and Gosline’s (2023) study in the advertising industry further confirms that percep-
tions are not driven by a bias against Al, but rather by a bias in favour of human-generated
content. Even when participants were informed that the content was produced with Al tools,
their satisfaction and willingness to pay did not decrease, but they still rated human-gener-

ated content as higher in quality (Zhang & Gosline, 2023.
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Despite the concerns about emotional depth, acceptance, trust, discomfort, and authenticity,
some academics argue that AIGC can be more engaging for customers because it is person-
alised according to individual preferences (Zhang et al., 2023). According to Sprout Social’s
2023 Index, 70% of consumers expect personalised interactions from brands, and nearly half
of marketers are planning to leverage Al technologies to meet this demand (Sprout Social,

Inc., 2023).

By analysing past purchases and browsing history, Al can automatically generate more rel-
evant, innovative, and unique content for each customer (Dwivedi et al., 2021). On the other
hand, Aguirre et al. (2015) found that excessive personalisation can backfire and might po-
tentially lead to unsuccessful campaigns as consumers may feel exposed and vulnerable.
They argue that when utilising AIGC, companies must be transparent and explicitly obtain

consumer consent to ensure trust and acceptance.

Even though it has some advantages, current AIGC practices often fall short of producing
meaningful engagement and face challenges in effectively building brand connections and
changing consumer purchase behaviours (Chen et al., 2022). In order for these practices to
succeed, consumers must first trust Al (Kaplan & Haenlein, 2019). Only in the case of con-
fidence can it effectively drive engagement, strengthen brand connections, and influence

consumer purchasing behaviours.

2.4 Fashion Industry

Understanding the sector dynamics of fashion is significant to comprehend this study. Fash-
ion is a multibillion-dollar global industry that encompasses a wide range of processes—
from design and manufacturing to distribution, marketing, and retail— and brings clothing
and accessories from the workshop to the end consumer (Steele and Major, 2025). Its con-
stantly changing tastes and trends led to a recognition as a dynamic sector. Moreover, adopt-
ing online channels for marketing and sales helped the fashion industry to be one of the first
industries to embrace digitalisation. With the integration of technological innovations and
embracing digitalisation, fashion companies have the opportunity to expand their global

reach and gain competitive advantages (Elia et al., 2021).
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Within the scope of digitalisation, digital marketing is especially important for fashion
brands to enhance their visibility, quickly respond to emerging trends, and encourage word-
of-mouth marketing (Rathnayaka, 2018). For these purposes, they can leverage various me-
dia channels. For example, paid media can be used for social media advertisements, earned
media may lead to influencer partnerships, and owned media like their websites and email
newsletters can be beneficial. In addition to these channel strategies, digital marketing sup-
ports fashion brands not only through online channels but also by bridging digital and real-
world experiences to increase brand reach and overall consumer engagement (Kallevig,
2024). Moreover, fashion brands can better serve their customers by identifying the touch-
points along the customer journey and enhancing their offerings and interaction at each stage

with the digital marketing tools (Tam & Lung, 2025).

With the development of digital marketing and its increasing popularity, fashion brands have
integrated advanced technologies into their strategies. These technological developments
have also fostered increased market competition. One of these technologies is Al. Like many
other industries, fashion brands have embraced advancements in Al. It represents significant
opportunities for the internal operations of fashion brands. For example, Al tools can help
managers make more accurate pricing and marketing decisions, and in some cases these
decisions can even be made autonomously (Jin & Shin, 2021). Additionally, the predictive
capabilities of Al facilitate fashion trend forecasts for brands (Akram et al., 2022). Analysis
of customer profiles in-store and online is another competence of Al, which can help fashion
companies with better segmentation and targeting (Micu et al., 2022). In manufacturing, Al
can be used to improve inventory management, product planning, and quality assurance by
certain fashion companies; however, its implementation remains costly and technically com-
plex (Ross, 2022). With the natural language processing ability of Al, fashion brands can
make sentiment analysis from reviews or digital platforms such as social media, and use

those insights for improving their products (Lomas et al., 2021).

In addition to the integral operations, Al is also integrated into the marketing operations of
fashion brands in order to stay competitive (Lomas et al., 2021). Both high-end luxury brands
and fast fashion retailers have adopted Al technologies to stay competitive and serve their

consumers better. For instance, luxury brands like Louis Vuitton, Salvatore Ferragamo,
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Burberry, Prada, and Gucci have implemented Al-powered chatbots to deliver personalised
recommendations and improve overall satisfaction (Tam & Lung, 2025). The chatbots
helped luxury brands to engage with their customers 24/7, and they increased the value they
offered for global customers in different time zones (Zeng et al., 2023). Moreover, luxury
brands provided an interactive and engaging process for customers conveniently with the

chatbots (Chung et al., 2020).

Al is also used to provide size recommendations during online shopping (Jin & Shin, 2021).
It helps customers to find the correct size more easily and reduces return rates. Customers
can even check the originality of their product by using Al-enabled automated authentication
systems (Ozuem & Willis, 2024). By serving Al as an assistant to their customers, fashion
brands can enhance customer satisfaction while simultaneously improving operational effi-

ciency.

Another application of Al within the fashion industry is virtual influencers. The main me-
dium of these Al-generated digital humans is social media platforms, and they communicate
with consumers by simulating behaviour that is similar to humans (Silva & Bonetti, 2021).
Some fashion brands are deliberately working with them, and the reason for choosing virtual
influencers over traditional influencers for promotional activities is their realistic appear-
ance, lower operational costs, and reduced risk of reputational scandals (Thomas & Fowler,
2020). While online reviews and public opinion favour human influencers and suggest that
they outperform virtual influencers in terms of persuasiveness right now, with increasing
consumer openness toward Al, this dynamic might change in the near future (Cheng &

Wang, 2024).

Creation of fashion images might be the most visible application of Al from the consumer’s
perspective. In order to produce marketing content quickly and cost-efficiently, brands in-
crease the use of Al-generated visuals and digital twins of models day by day. For instance,
Zalando has created about 70% of its recent campaign visuals with Al, and the integration
of generative Al into its content production reduced the image creation time from weeks to
days and costs by nearly 90% (Reid, 2025). As well as launching an Al-generated campaign
for its teen line, Mango also integrated artificial intelligence into its strategic plans (Mango

Fashion Group, 2024). Similarly, fashion media outlets have experimented with Al-



41

produced editorial visuals. Some of these Al-generated visuals have received positive feed-
back, such as Valentino’s and Moncler’s campaigns, while others, including Vogue’s and
several brand collaborations, were criticised by consumers as looking “cheap” or “sloppy.”

(O’Brien, 2025).

Parallel to these industry developments, academic research has begun to explore Al’s role
in fashion communication and branding. For example, the study of Park and Ahn (2024)
examined whether Al-generated brand personalities could replicate the brand personalities
of luxury fashion brands like Dior, Gucci and Chanel, and the impact of this on brand pref-
erence and purchase intention. The study found that Al can produce relevant brand person-
ality, while traditional brand personalities explained consumer preferences better and were

more effective overall (Park & Ahn, 2024).

2.5 Summary of Key Empirical Studies

This section presents a summary of key empirical studies in tabular form in order to synthe-
sise the papers about digital marketing, artificial intelligence, and branding. These studies
are distinct from those previously discussed in the literature review and they serve as sup-
plementary references that support the relevancy of this study. They demonstrate the grow-
ing interest in Al-generated content and its effect on consumers and brands. As shown in
Table 2, the selected works span diverse industries while sharing a common focus on the
intersections between technology, brand communication, and consumer engagement. The
industries in the studies include fashion, advertising, tourism, and influencer marketing. The
aim of this synthesis is to clarify methodological trends, highlight thematic patterns, and

identify gaps that inform the current study.

Table 2. Overview of Key Empirical Research at the Intersection of Al, Branding, and Digital
Marketing
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The above table shows that previous studies have examined the influence of AIGC in several

sectors and various situations. However, there still remains a gap of empirical studies that

concentrate explicitly on the fashion industry, where elements such as brand identity and
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emotional interaction are critical. Fashion brands continue to adopt Al tools within their
communication strategies although the consumers show a skepticism towards AIGC in dig-
ital environments. This presents a gap in understanding how such content is perceived by
consumers outside of controlled experimental settings. There is also a need to explore the
broader psychological and attitudinal responses to AIGC in fashion branding, particularly in
terms of its influence on message interpretation and overall brand perception. This thesis
seeks to fill that gap by examining how consumer perception factors shape reactions to Al-

generated brand content within the context of fashion.

2.6 Hypothesis Development

The preceding sections have examined the theoretical foundations and empirical findings
regarding AIGC in brand communication, consumer perceptions and attitudes towards it.
Building upon these insights, the current section develops hypotheses to be empirically
tested. The hypotheses are grounded in the attitudinal dimensions identified through explor-
atory factor analysis and are aligned with the research objective of examining the influence

of consumer attitudes on perceptions of Al-generated brand communication.

The literature review highlighted authenticity as a significant evaluative criterion in con-
sumer-brand relationships. For example, Briins and Meiflner suggest that consumers may
become more sceptical of the content when messages are perceived to lack human creativity
or emotional depth (2024). Similarly, the research of Baek, Kim and Kim indicates that dec-
laration of Al usage may negatively affect perceived message credibility and emotional en-
gagement (2024). Accordingly, individuals with a stronger need for emotional connection in
brand communication are expected to view Al-generated content less favourably. Therefore,

the following hypotheses are proposed:

Hla: Consumers with a stronger need for human connection, trust, and authenticity are less
likely to perceive Al-generated brand content positively.

H1b: Consumers with a stronger need for human connection, trust, and authenticity are less
likely to interpret Al-generated brand messages positively (i.e., they will be more sceptical

of the message).
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Conversely, research suggests that consumers who display a favourable orientation toward
technological innovation tend to evaluate Al applications more positively, particularly when
they perceive functional benefits such as efficiency, creativity, or enhanced personalisation
(Longoni & Cian, 2022; Zhang et al., 2023). Individuals who recognise the potential utility
of Al in creative production are therefore more likely to exhibit positive or neutral responses

toward Al-generated content in branding contexts. Accordingly:

H2a: Consumers with a higher acceptance of Al and innovation are more likely to perceive
Al-generated brand content positively.
H2b: Consumers with a higher acceptance of Al and innovation are more likely to interpret

Al-generated brand messages positively.

In addition to these attitudinal factors, the consumer responses to AIGC may also be shaped
by demographic and background characteristics. For example, gender and age can influence
technology perceptions and adoption. Moreover, the literature suggests that occupation can
have an influence on perceptions. For example, marketers and consumers have been found
to hold different views on Al in marketing. Marketing professionals often welcome Al tools,
whereas consumers tend to be more hesitant due to trust concerns (Chen et al., 2022). There-
fore, this study includes demographics as control variables to analyse and understand these

potential sources of variation. The following hypotheses address these factors:

H3a: Gender influences consumer perceptions of Al-generated brand content.

H3b: Gender influences consumer interpretations of Al-generated brand messages.
H4a: Age group influences consumer perceptions of Al-generated brand content.
H4b: Age group influences consumer interpretations of Al-generated brand messages.
H5a: Occupation influences consumer perceptions of Al-generated brand content.

H5b: Occupation influences consumer interpretations of Al-generated brand messages.

These ten hypotheses capture both the psychological drivers and the demographic factors
that might affect consumer reactions to Al-driven brand communications. They will be tested
empirically using binary logistic regression models, as described in the methodology (Chap-

ter 3) and analysed in the findings (Chapter 4). This quantitative approach evaluates whether
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the posited attitudinal and demographic factors significantly predict consumer evaluations

of Al-generated content in a fashion branding context.
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3 Methodology

Building on the theoretical foundations and hypotheses outlined, this chapter presents the
research approach, data collection methods, and the steps of data analysis in this study to
answer the research questions. The chapter outlines the dual approach of quantitative and
qualitative study, describes the survey and interview procedures, and explains the analytical
techniques used to interpret the data. In addition, this section highlights the reasons for se-

lected approaches and methods to ensure the reliability and validity of the research.

3.1 Research Approach

Quantitative and qualitative methodologies have been combined in this study to investigate
consumer responses to Al-generated brand content in a broader context. The quantitative
component provides the basis of analysis, while qualitative data is used to enhance the com-
prehension of the topic and add depth to the findings. Quantitative data provides the big
picture by drawing out consumer trends and ideas, while qualitative interviews add depth
with expert insights. The methodological combination allows the study to demonstrate not
just consumer thinking but also how industry experts approach the topic. The timeline of the

research can be seen in Figure 3.
3.1.1 Quantitative Research

The primary research method chosen for this study is quantitative research and this method
is selected to explore consumer attitudes across a larger sample and to provide a broader
overview (Martin & Bridgmon, 2012). Quantitative methods help clarifying the cause and
effect relationships (Castellan, 2010). Since this research focuses on examining the relation-
ship between the use of Al-generated content (AIGC) and brand image, the approach of

quantitative research offers a suitable framework.

Quantitative research provides a structured approach by enabling the researcher to analyze

data numerically, whether derived naturally or through predefined scales (Ahmad et al.,
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2019). One possible way to assign a numerical value is by using a Likert scale. The Likert
scale is a type of psychometric tool that enables researchers to quantify traits such as abili-
ties, perceptions, and personal qualities (Joshi et al., 2015). It is administered in a survey
format, and participants are asked to express their opinions. Usually, the responses are col-
lected on a 5- or 7-point scale ranging from "strongly agree" to "strongly disagree." (Batter-
ton & Hale, 2017). In this study, a Likert scale with 5 points is employed. The use of the
scale facilitated the capture of the attitudes and perceptions of a larger group. It also allowed
for systematic analysis and comparison across key variables. The questionnaire could be

found in Appendix 1.

3.1.2 Qualitative Research

When comparing quantitative and qualitative methods, Choy (2014) suggests that combining
both approaches can enhance the research findings instead of relying on a single method. In
line with this argument, this study combines qualitative and quantitative approaches. With
this way, the study seeks to provide a more holistic understanding of how AIGC influences

brand image.

Qualitative research is a methodological approach used to gain deep, contextual insights into
a specific phenomenon or problem by exploring meanings, experiences, and perspectives in
depth (Ahmad et al., 2019). Various qualitative methods are identified in the literature. Those
qualitative methods include focus groups, case studies, observations and interviews (Quei-
r6s, Faria, & Almeida, 2017). For the purpose of this research, semi-structured interviews
are selected as the complementary qualitative method to enrich the study and provide deeper

insights.

3.2 Data Collection Methods

This section explains how the study data were gathered, outlining the relationship between
the two data collection techniques: a consumer survey as the primary method and semi-

structured interviews with marketing professionals as the secondary method to supplement
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the primary one. The process was iterative in nature whereby the two techniques explained

and supplemented each other at rather than being sequential and separate processes.

The research began with exploratory procedures for the purpose of limiting the focus of the
study, including initial formulation of research questions and literature review. Followed by
this, semi-structured interviews were conducted among marketing practitioners with experi-
ence in using Al for brand communication. The findings from those interviews contributed
significantly in preparing the survey instrument, particularly in formulating the Likert-scale
items and open-ended question in an attempt to capture deep consumer insights. Having
prepared the survey, a pilot test was then carried out. Following that, adjustments were made
and the main survey was distributed and responses collated. It all comes together in Figure

3, illustrating the sequence of stages from the identification of topics through to end data

collection.
O
Identification of the topic Initial formulation of Online investigation of Semi-structured
& research gap research questions and public perceptions interviews with
objectives marketing professionals Y
L { 7 ) & ( 6 ) & 5
8 < \ ) <€ \ / <€

Survey execution and Pilot testing of survey Survey design with Refinement of research
data collection interview insights questions and objectives

Figure 3. Timeline of Data Collection and Methodological Stages

3.2.1 Survey

In this study, surveys are chosen among quantitative research techniques. Survey is a tech-
nique allows to collect response directly with a set of questions in an order (Queirds, Faria,
& Almeida, 2017). Using surveys as data collection tool allows the gathering of measurable
data on how consumers evaluate the brand image when the use of AIGC is at issue. The

survey approach allows for identifying patterns across a larger respondent group. This
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contributes to a clearer understanding of whether and how AIGC may influence consumer

brand image by supporting the overall objective of the study.

The survey was developed by the researcher specifically for this study since the use of AIGC
in fashion communications is still a relatively underexplored area. It began with a series of
demographic questions to understand the respondent profiles, including age, gender, and
occupation. This was followed by Likert items to assess participants’ familiarity with Al-
generated content. The items are used to understand the participants’ prior exposure to AIGC

or their awareness levels.

To explore how individuals recognize Al-generated content, an open-ended question was
included. The question asked participants to describe how they identify content created by
Al in their own words. This question was not compulsory unlike the others in the survey.
The aim of including this question was to capture spontaneous associations and perceptions
without prompting. Subsequently, to help contextualize their responses within the scope of
the industry, several fashion-related questions were asked about participants’ interest and

engagement with fashion content.

The core section of the survey consisted of Likert-scale items designed to measure percep-
tions of use of AIGC in fashion branding. Each item was phrased with care in a way that
would be easily understood by respondents. With this, the comprehension of people with
limited prior knowledge of AIGC is ensured. The development of the survey items was
guided by existing academic literature on the use of AIGC. Moreover, the survey items were
supported by the insights from semi-structured interviews with marketing professionals
working in various roles. The full version of the survey questionnaire can be found in Ap-

pendix 1 in English.

A pilot survey was conducted with three Turkish-speaking and three English-speaking par-
ticipants before the actual data collection. Feedback was collected regarding the clarity of
the questions, the ease of completing the survey, and the overall time required. Based on
their comments, a brief definition of AIGC was added at the beginning of the questionnaire,

and several minor wording adjustments were made to improve clarity.
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The main target group of the survey predominantly consist of adolescents and young adults.
The reason behind this choice is both due to the convenience purposes and this group’s high
engagement of with digital platforms. They are frequently exposed to fashion brand com-
munications through social media and online channels. The language of the survey was cho-
sen as both Turkish and English in order to increase the participation and reach a broader
audience for the validity of the analysis. The survey was initially prepared in English by the
researcher and subsequently translated into Turkish using DeepL. The choice of DeepL has
been made deliberately, supported by the findings of Cetin and Duran (2024), who concluded
that DeepL provides a high level of accuracy and clarity in Turkish-English translations.
Then, the Turkish version was reviewed carefully by the researcher to ensure clarity and
consistency. Minor adjustments have been made to improve the accuracy and readability of
certain items. This bilingual approach reflects the researcher's background as well as ensur-

ing accessibility to respondents from different language groups.

The survey was conducted using an online survey tool, Google Forms. It is distributed digi-
tally through personal networks and direct online outreach. Participants completed the sur-
vey voluntarily and anonymously, and they were informed about the purpose of the study at
the beginning of the questionnaire. No personal identifying information was collected. In
total, 114 respondents completed the survey, including 61 English-speaking and 53 Turkish-
speaking participants. The responses from these two groups were manually translated and

merged by the researcher to form a single dataset for analysis.

3.2.2 Semi-Structured Interviews

Semi-structured interviews give the opportunity to explore a topic in greater depth by com-
bining predetermined questions with the flexibility to pursue additional insights that may
arise during the conversation (Rubin & Rubin, 2011). In this study, semi-structured inter-
views were conducted with social media marketing and digital marketing professionals to
gain deeper insights into consumer reactions toward brand communications created with the
use of Al The interview questions were designed to explore whether consumer responses
differ when the content is generated solely by humans compared to when Al tools are in-

volved in the creation process.
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Participants were selected through convenience sampling, using personal networks and out-
reach via professional social media platforms such as LinkedIn. The selection criteria fo-
cused on individuals with experience in using Al technologies to varying extents within the
creative process, and who were actively working in the digital or creative marketing indus-
tries. A total of three professionals were interviewed through online video calls, each lasting
approximately 40 minutes. As shown in Table 3, the participants represented different coun-
tries, roles, and levels of industry experience, offering diverse perspectives from within the

advertising and media sector.

The interviews were conducted in either English or Turkish, based on the participant’s pref-
erence. Participants were informed about the purpose of the study at the beginning of the
call, and the researcher took notes throughout the conversation. The interviews were not
strictly structured; instead, questions were adapted organically based on the flow of each
discussion. While no formal thematic analysis was conducted, the insights from these con-
versations played an important role in shaping the overall direction of the research and in-

forming the design of the survey instrument.

Table 3. Interview Participants’ Backgrounds
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3.3 Data Analysis

This chapter presents the analytical approach used to examine the survey data. Descriptive
statistics, primarily means and visualizations, were used to get an overview of participant
characteristics and their familiarity with Al and Al-generated content. Thematic analysis
was used for open-ended responses to identify common strategies used by participants to
recognize Al-generated content. Exploratory factor analysis was used to uncover underlying
dimensions of consumer perceptions, which were then incorporated into binary logistic re-
gression models alongside demographic controls. Cluster analysis was also performed to
identify perceptually similar respondent groups. Interview responses served as supplemen-

tary data and were not subjected to thematic analysis.

3.3.1 Structured Thematic Analysis for Open-Ended Responses

In surveys, open-ended questionnaire responses can offer valuable insights into participants’
characteristics and perspectives when analyzed systematically (Neuendorf, 2018). For this
reason, to explore how respondents recognize Al-generated content, participants were asked
an open-ended question: “In your own words, how do you personally identify whether a
piece of content (text, image, etc.) is generated by AI?”. This question was optional, and 80

respondents provided an answer, while 34 participants left it blank.

Since the survey was administered bilingually, all responses provided in Turkish were trans-
lated into English to ensure consistency prior to analysis. The qualitative responses were

then subjected to a structured thematic categorization process.

To ensure a systematic approach, a rule-based keyword detection function was developed in
R Studio. This function matched pre-defined keywords within the responses and assigned
the responses to one or more relevant themes. Multi-label classification was applied to allow
individual responses to be coded under multiple themes where appropriate. The coded data
were subsequently separated into individual categories, and the frequency of each theme was

computed to identify the most prevalent detection strategies among respondents.
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3.3.2 Exploratory Factor Analysis

Factor analysis is a group of statistical techniques used to simplify complex data and gain a
clearer understanding of the relationships of variables by identifying the number and type of
underlying factors that explain the observed patterns of correlations (Fabrigar et al., 1999).
Among the two main approaches, Exploratory Factor Analysis (EFA) and Confirmatory Fac-
tor Analysis (CFA), EFA was deemed more appropriate for this study.

Accordingly, EFA was applied to the Likert-scale items designed to capture participants’
perceptions of Al-generated brand content. This analysis aimed to identify key underlying

dimensions that structure consumer attitudes toward Al in branding contexts.

Factorability of the Likert Items

Prior to extraction, the suitability of the data for factor analysis was assessed. According to
Ferguson and Cox (1993), prior to the analysis, Bartlett’s test of sphericity and Kaiser-
Meyer-Olkin (KMO) test of sampling adequacy should be conducted.

According to Tobias and Carlson (1969), applying Bartlett’s test of sphericity before con-
ducting factor analysis helps prevent misleading data and should be considered a standard
preliminary step in research with factor models. Therefore, Bartlett’s test was conducted on
the 42x42 inter-item correlation matrix to determine whether the items were sufficiently
correlated. The test was highly significant (y*(861) =2887.07, p <0.001), indicating that the

correlation matrix significantly differed from an identity matrix and was therefore factorable.

The Kaiser-Meyer-Olkin (KMO) test was computed to assess sampling adequacy, both over-
all and for individual variables (Ferguson and Cox, 1993). For a survey with sample size
114, the accepted value for the analysis is between 0.5 and 0.6 (Shrestha, 2021). The overall
KMO value for this study was 0.88, which is well above the recommended minimum thresh-
old. Individual item MSAs ranged from 0.55 to 0.95. Given that all the items exceeded 0.70

and the overall KMO was high, the full set of 42 items was retained for factor analysis.

Determining the Number of Factors
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A parallel analysis was conducted to determine the appropriate number of factors to extract.
Even though there are more commonly used approaches such as Kaiser’s Criterion or Scree
Test, parallel analysis was chosen for this study since it is one of the most accurate factor
retention methods in management research and has demonstrated greater reliability and pre-

cision in identifying the correct number of factors (Hayton, Allen and Scarpello, 2004).

In the resulting scree plot below (Figure 4), the blue line representing the actual data eigen-
values was compared against the red dotted and dashed lines representing simulated random-
data eigenvalues. Only the first two actual eigenvalues exceeded their corresponding simu-
lated eigenvalues, after which the curves intersected and the real eigenvalues fell below the

random ones. Accordingly, two factors were deemed optimal for retention.
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Figure 4. Parallel Analysis Scree Plots

Justification of Extraction Method

Maximum likelihood extraction was selected for the exploratory factor analysis, as it is con-
sidered the most suitable method when data approximate a normal distribution (Fabrigar et
al., 1999). In this study, the skewness values for all Likert-scale items ranged from —0.53 to
—0.06, falling within the acceptable range (-1 to +1), which supports the assumption of nor-
mality and justifies the use of this extraction method. Using maximum likelihood extraction
with oblimin rotation, the EFA was conducted to uncover latent constructs related to con-

sumer perceptions of Al-generated brand content.
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3.3.3 Hypothesis Testing Using Logistic Regression

To empirically test the above hypotheses, two binary logistic regression models were con-
structed. Each model corresponds to one of the key outcome variables and a specific subset
of hypotheses. Model 1 predicts consumers’ overall perception of a fashion brand using
AIGC (survey Question 13), and it is designed to test Hla, H2a, H3a, H4a, and H5a. Model
2 predicts consumers’ interpretation of an Al-generated brand message (Question 10), ad-

dressing H1b, H2b, H3b, H4b, and H5b.

With these models, the study also investigated whether the two perceived components de-
rived from exploratory factor analysis—emotional connection to brand content (ML1) and
acceptance of Al and innovation (ML2)—influence how participants view Al-generated
content in branding. Specifically, the models tested whether such attitudes can be used to
predict (1) how consumers evaluate a fashion brand using Al-generated content, and (2) how

they understand the message in Al-generated brand messages.

To carry out this analysis, logistic regression was selected as the appropriate method. It is a
widely used method for modelling relationships between a categorical dependent variable
and one or more independent variables, which may be either categorical or continuous (Peng,
Lee, & Ingersoll, 2002). This approach allows for the estimation of the probability of ob-

serving a particular outcome category, based on a logit function of the predictor variables.

In the first model, the dependent variable was based on responses to Question 13: “Would
knowing that a fashion brand uses Al-generated content affect your perception of the brand?”
The responses were recoded into a binary format, where “Yes, positively” and “No, it
wouldn’t make a difference” were coded as 1 (indicating neutral or favorable perceptions),

and “Yes, negatively” was coded as 0 (indicating negative perceptions).

The second model used responses to Question 10: “Would knowing that a brand’s public
content (e.g., social media post or product description) was Al-generated affect how you
interpret its message?” as the dependent variable. Here, “No, it wouldn’t make a difference”
and “Yes, I would be impressed by the technology” were coded as 1 (neutral or positive

interpretation), while “Yes, I would be skeptical about its authenticity” was coded as 0.
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The independent variables in both models included the factor scores from the exploratory
factor analysis: ML1 (Human Connection & Authenticity) and ML2 (Al Acceptance & In-
novation), along with the demographic control variables: gender, age group, and occupation.
Logistic regression was selected due to the binary nature of the dependent variables and the

mix of continuous and categorical predictors.

To ensure robust model evaluation, multiple diagnostic and performance metrics were re-
ported as recommended by Peng, Lee, and Ingersoll (2002). These included pseudo R? values
(McFadden R?, ML, and r?CU), residual deviance (—2LL), confusion matrix-based classi-
fication accuracy, sensitivity and specificity, and the Hosmer—-Lemeshow goodness-of-fit
test. Likelihood ratio tests were also performed to assess the incremental significance of

individual predictors.

3.3.4 Cluster Analysis

Clustering is a method used to group multidimensional data into distinct clusters based on
their similarity (Jain, Murty, & Flynn, 1999). It enables the identification of meaningful,
data-driven groups within an unlabeled dataset (Jain, Murty, & Flynn, 1999). This makes
clustering well-suited for exploring natural consumer segments without relying on prede-

fined categories.

To apply this approach within the context of consumer attitudes toward Al-generated brand
content, a cluster analysis was performed using the factor scores derived from the explora-
tory factor analysis (ML1: Emotional Engagement, Trust & Human Connection; ML2: Ra-
tional Acceptance of Al Utility). The objective was to identify groups of respondents with
similar perceptual orientations and to explore how these segments differ in their evaluation

of AI’s role in brand communication.

Before performing clustering, the factor scores (ML1 and ML2) were standardized to ensure
equal weight in distance calculations. K-means clustering was selected due to its widespread
adoption, computational efficiency, and ease of implementation (Sinaga & Yang, 2020; Ko-

dinariya & Makwana, 2013).
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To determine the optimal number of clusters, both the elbow method and the silhouette
method were applied. The elbow method showed a sharp decrease in within-cluster sum of
squares from k =2 to k = 3, after which the reduction became gradual, indicating diminishing
returns with additional clusters. Similarly, the silhouette method demonstrated its highest
width at k = 3, suggesting this solution provided the most distinct and well-separated clus-
ters. Based on the convergence of these two approaches, a three-cluster solution was selected
as the most appropriate balance between statistical validity and interpretability. The k-means
algorithm was then run with 25 random starts to ensure stability and avoid solutions influ-

enced by random initializations, resulting in a robust and reproducible clustering outcome.
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4 Findings

This chapter presents the main findings of the study from the survey data in an organizational
format that logically moves from descriptive findings to more advanced statistical analysis.
The chapter starts with descriptive statistics and thematic analysis of open-ended responses
as a contextual grounding. It then moves to exploratory factor analysis (EFA) to uncover
underlying perceptual dimensions, followed by logistic regression model which testing the
impact of these dimensions on consumer judgments of Al-generated brand content. Cluster
analysis is then used to segment participants based on their perceptual orientations. It is fi-
nally supplemented by qualitative evidence from semi-structured interviews in order to con-
textualize the quantitative results. The interpretation and meanings of these findings are ex-

plained in the next chapter.

4.1 Descriptive Analysis

This section offers an overview of the survey sample and the respondents’ familiarity with
artificial intelligence (AI) and Al-generated content (AIGC). These descriptive insights pro-
vide the context for interpreting the statistical models and thematic patterns presented later

in the chapter.
4.1.1 Participant Demographics

This section provides an overview of the age, education level and occupational status of the

survey participants (N = 114) and offers the context for interpreting the findings.

The survey reached to an audience dominantly identified as female with 68%, and the re-
maning part of the respondents identified themselves as male. The survey was distributed
without any specific targeting based on gender; however, the sample reflects a strong female
representation. This outcome was expected given the fashion-oriented focus of the study,

which often attracts higher engagement from female audiences.
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As shown in the figure 5, the largest age group represented was 18-24, accounting for 53.5%
of the sample. This was followed by 25-34-year-olds (28.9%). Respondents aged under 18
were 9.6% of the sample, while older age groups (35-44, 45-54, and 55+) represented 8% of
participants collectively. This age distribution indicates a predominantly younger sample,
consistent with the digitally active population likely to engage with Al-generated brand con-
tent online. This outcome is also understandable given that the survey was primarily distrib-
uted through online channels, including the personal networks of the researcher, such as

friends and acquaintances.

Age
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B 454
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Figure 5. Questionnaire Respondents’ Age Groups

Participants varied in educational background as it can be seen from figure 6. A majority
held a Bachelor’s degree (57.9%), followed by high school education or lower (24.6%), and
Master’s degrees (15.8%). Only 1.8% of respondents had earned a Doctorate or higher. The
high rate of undergraduate and postgraduate education suggests a relatively educated partic-

ipant base, which may increase levels of digital literacy and awareness of Al technologies.
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Education
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Figure 6. Questionnaire Respondents’ Education Levels

As presented in Figure 7, a significant portion of respondents were students (65.8%), fol-
lowed by individuals who were employed (22.8%). Other categories included unemployed
(6.1%), self-employed, and a small number of retired participants. The dominance of stu-
dents aligns with the age and education profiles and reflects the likely audience for fashion

content and emerging digital trends.

Occupation

B Employed (full-time or part-time)

. Retired

. Self-employed

- Student

. Unemployed

|

Figure 7. Questionnaire Respondents’ Occupational Status

4.1.2 Respondents’ Background Knowledge and Familiarity with Al and AIGC

This section explores respondents’ background knowledge and familiarity with artificial in-

telligence (AI) and Al-generated content (AIGC). The aim is to understand whether
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participants have prior exposure to Al tools or content, and how they identify or interpret

such content when encountered in digital environments.

Respondents were asked to evaluate their familiarity with Al-generated content using a five-
point Likert scale, with 1 being not at all familiar, and 5 being very familiar. As illustrated
in Figure 8, the distribution of responses indicates a generally moderate to high level of
familiarity. The largest proportion of participants selected level 4 (25.4%), followed closely
by level 3 (23.7%) and level 5 (23.7%). The mean score was calculated as 3.31, reflecting a

slight positive skew in the overall distribution.
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Figure 8. Questionnaire Respondents’ Familiarity with Al-Generated Content
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When asked whether they had ever encountered brand content that they suspected to be gen-
erated by artificial intelligence, 64% of the participants answered “Yes.” (Figure 9). This
finding suggests that there is a growing awareness among consumers regarding the presence
of Al-generated content in brand communications. Additionally, 19.3% of participants indi-
cated uncertainty (“Maybe”), which could point to challenges in detecting Al-generated ma-
terials or a lack of knowledge about their distinguishing characteristics. In contrast, only

16.7% stated that they had not encountered such content.
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Response

Figure 9. Questionnaire Respondents’ Perceived Exposure to Al-Generated Brand Content

Participants were asked to rate their confidence in distinguishing between Al-generated and
human-created brand content on a five-point Likert scale (1 = Not at all confident, 5 = Very
confident). As shown in Figure 10, the largest share of respondents selected level 3 (35.1%),
followed by level 4 (27.2%), indicating that most participants reported moderate rather than
extreme levels of confidence. Only a small proportion expressed very low confidence (level
1, 6.1%) or very high confidence (level 5, 13.2%). The mean confidence rating was 3.23,
suggesting that while many respondents feel reasonably capable of recognizing Al-generated

content, few are completely certain in their ability to do so.
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Figure 10. Questionnaire Respondents’ Confidence in Recognizing AI-Generated Content
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The questionnaire also asked whether knowing that brand content was Al-generated would
influence how the respondents interpret it. As shown in Figure 11, the largest proportion of
respondents (33.3%) stated that they would take the content less seriously if they knew it
was created by Al. Another 26.3% indicated that they would approach such content more

cautiously, reflecting a heightened level of skepticism.

In contrast, 16.7% of respondents reported that knowing the content was Al-generated would
not make a difference in their interpretation, while 14.9% said they would be impressed by
the technology. A smaller proportion (8.8%) were unsure about how this knowledge would

affect their perception.
These findings suggest that the awareness of Al involvement in content creation primarily

triggers more critical or cautious attitudes, while only a minority view it positively as a sign

of technological advancement or remain unaffected by it.

Response

. No, it wouldn't make a difference

. Not sure

. Yes, | would approach it more cautiously
. Yes, | would be impressed by the technology
. Yes, | would take it less seriously

Figure 11. Impact of Knowing Content Is Al-Generated on Interpretation

An optional open-ended item asked respondents to describe how they identify Al generated
content, and 80 answer is collected. Turkish responses were translated to English and the-
matically coded using a rule based keyword function, which enabled multilabel assignment,
after which categories were separated and their frequencies calculated to determine the most

prevalent detection strategies.
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After the review of the data, the answers revealed recurring patterns that may be grouped
into seven distinct themes. The mentions related with irregularities in images or videos, such
as distorted hands, unnatural eyes, blurred backgrounds, or lighting inconsistencies are
grouped under Visual indicators. Textual cues referred to unnatural phrasing, overly ge-
neric language, robotic tone, or grammatical errors. The Too Perfect theme captured obser-
vations of content that appeared excessively polished, symmetrical, or unrealistically re-
fined. Uncanny described psychological reactions, such as a subtle sense of unease or arti-
ficiality without a clearly identifiable reason. Some people made explicit statements of their
inability to recognize Al-generated material, which is reflected in Cannot Identify column
of the group. Meta/Tools referred to the use of external detection tools, reverse-searching,
or metadata analysis, while Cultural captured references to inconsistencies in cultural or

contextual logic.

As illustrated in Figure 12, the most frequently reported method of identifying Al-generated
content was through visual cues with 29 mentions. Text-based indicators were also common,
mentioned 25 times. A smaller subset of respondents described an “uncanny” feeling, with
toal of 10 mentions, while 9 others mentioned content being “too perfect” 9 mentions, lack-
ing the minor imperfections typically present in human-created materials. In contrast, seven
respondents explicitly stated that they could not identify Al-generated content, and only four
respondents referred to using external tools or metadata analysis. Cultural inconsistencies

were noted just once, making it the least frequently mentioned theme.
Overall, these findings suggest that respondents primarily rely on perceptual irregularities,

particularly visual and linguistic anomalies, rather than external verification tools or cultural

knowledge, when attempting to determine whether content has been generated by Al
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Figure 12. Themes Identified in Al Content Detection Open-Ended Responses

4.2 Exploratory Factor Analysis (EFA)

To explore the underlying dimensions of consumer perceptions of Al-generated brand con-
tent, an exploratory factor analysis (EFA) was conducted. As described in the Methodology,
the analysis was based on 25 Likert-scale items measuring attitudes toward Al-generated
content in the context of fashion branding. Prior assessments using the Kaiser-Meyer-Olkin
(KMO) measure (0.88) and Bartlett’s Test of Sphericity (y*(861) =2887.07, p <0.001) con-

firmed the suitability of the dataset for factor analysis.

A parallel analysis supported the extraction of two factors. Maximum likelihood extraction
with oblimin rotation was used, as the data met the assumptions of approximate normality.
Together, the two factors explained 40.5% of the total variance, with Factor 1 accounting
for 25.3% and Factor 2 accounting for 15.2%. Table 3 below presents the factor loadings for
all 25 items.

Table 4. Factor Loadings for Two-Factor Solution Using Maximum Likelihood Extraction
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This factor reflects concerns related to emotional engagement, trust, and the perceived au-
thenticity of brand content. The Likert-scale items emphasizing skepticism about AI’s ability
to protect and maintain brand personality, emotional tone, and human connection were
strongly agreed. Human-created content is favored by the respondents who scored high on
this factor due to its perceived honesty, creativity, and emotional resonance. The highest
loadings were on the items of “I feel more connected to a fashion brand when its content
feels consistent and human-driven” and “Content created by humans better conveys the emo-

tions and values behind a fashion brand”.

Factor 2: Rational Acceptance and Innovation Orientation

The second factor captures a more pragmatic, innovation-driven view of Al-generated con-
tent. Respondents loading high on this factor are technology enthusiasts, and they accept Al
tools as long as they enhance brand professionalism and creativity. This group sees potential
in Al for improving communication efficiency and technological differentiation. The items
such as “Fashion brands that use Al in a creative way stand out positively in the market” and
“When done well, Al-generated content can enhance the professionalism of a brand’s com-

munication.” are highly loaded.

Cronbach’s alpha was used to assess the internal consistency of the two extracted factors.
As a result, both of the factors exceeded the accepted threshold of 0.70. Factor 1 (Emotional
Engagement, Trust and Human-Centered Authenticity) demonstrated excellent reliability (o
=0.91), while Factor 2 (Rational Acceptance and Innovation Orientation) showed good in-

ternal consistency (o = 0.83).

4.3 Logistic Regression

This section presents the results of two logistic regression models. The models are used to
examine how individual differences in perceptions of emotional authenticity and openness
to innovation relate to participants’ evaluations of Al-generated brand content. The models
were constructed using the factors derived from the exploratory factor analysis. Moreover,

demographic variables are used as control variables.
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4.3.1 Model 1: Perception of Al-generated Brand Content (Q13)

The logistic regression analysis for Q13 revealed that ML1 was a significant negative pre-
dictor (B =—1.21, p <.001). This finding indicated that participants who strongly value emo-
tional connection and authenticity were significantly less likely to perceive Al-generated
brand content in a favorable or neutral way. On the other hand, ML2 was a significant posi-
tive predictor (B = 0.78, p <.01). It suggested that participants are more likely to hold posi-

tive or neutral perceptions when they embrace Al for its utility and innovation.

Among demographic controls, only gender was statistically significant (p < .05). This indi-
cator suggested that male respondents were less likely than female respondents to view Al-
generated content favorably. Age group and occupation did not have statistically significant

effects.

The model's performance metrics were as follows: McFadden R? = 0.24, ML = 0.29, r>)CU
= 0.38. The model correctly classified 75.4% of the cases. Its sensitivity was 77.1% and its
specificity was 73.6%. The Hosmer—Lemeshow test showed no evidence of poor fit (3> =
7.37, df = 8, p = 0.498). Likelihood ratio tests confirmed that ML1 (p < .001), ML2 (p =
.0039), and gender (p = .028) significantly improved model fit, while age and occupation
did not. Odds ratios revealed that a one-unit increase in ML1 reduced the odds of favora-
ble/neutral perception by 70% (OR = 0.30), while a one-unit increase in ML2 more than
doubled the odds (OR = 2.18).

The hypotheses developed earlier in the study were tested within this model to interpret lo-
gistic regression results more precisely and provide concrete findings. Each hypothesis re-
flects a specific expected relationship between the predictor variables and consumers’ per-

ception of Al-generated brand content:

¥ Hla (Higher concern for human connection, trust, and authenticity decreases the like-
lihood of positive perception of Al-generated brand content.) is supported. In Model
1, ML1 had a significant negative effect on brand perception (f =—1.21, p <.001).

This means that participants who placed greater importance on emotional
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engagement, trust and authenticity were significantly less likely to view a fashion
brand using AIGC in a positive (or even neutral) light, which is consistent with HI1.

¥ H2a (Higher acceptance of utility of Al and innovation increases the likelihood of
perceiving Al-generated brand content positively.) is supported. As predicted, ML2
showed a significant positive relationship with brand perception. In Model 1, ML2’s
coefficient was § = +0.78 (p<.01), indicating that participants who were more enthu-
siastic about Al’s utility were more likely to view Al-generated brand content in a
favorable or at least indifferent way. This positive influence confirms H3.

¥ H3a (Gender influences consumer perception of Al-generated brand content.) is sup-
ported. The analysis found a significant gender difference in Model 1. Gender (coded
as male vs. female) had a significant effect (p < .05) on brand perception. Specifi-
cally, male respondents were less likely than female respondents to perceive a
brand’s use of Al-generated content favorably. This indicates that consumer reaction
to AIGC varied by gender in our sample, consistent with HS.

¥ H4a (Age group influences consumer perception of Al-generated brand content.) is
not supported. Model 1 included several age group dummy variables (with “18-24”
as the reference category) to test for age effects on brand perception. None of the age
group coefficients were statistically significant (all p > .5). In other words, there was
no clear evidence that younger vs. older respondents consistently differed in their
likelihood of viewing Al-generated content positively or negatively. Therefore, H7
is not supported by the data.

¥ H5a (Occupation influences consumer perception of Al-generated brand content.) is
not supported. In Model 1, respondents’ occupational background (whether they
were employed, self-employed, unemployed, retired, etc., with “student” as the ref-
erence) did not have a significant impact on their brand perception outcome. All oc-
cupation-related coefficients were statistically non- significant (all p > .42). Thus,

there is no support for H9.

In summary, Model 1 demonstrates that how consumers interprets Al-generated brand con-
tent depends on their attitudes toward authenticity and innovation. Demographic factors play
only a minor role in this sense. Individuals who prioritize human authenticity tend to react

negatively and oppose the use of Al, whereas those who value technological innovation
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show greater acceptance. Therefore, these findings support the idea that audience composi-

tion strongly shapes the overall brand image effects of Al-generated communication.

Table 5. Logistic Regression Results Predicting Perception of Al-Generated Brand Content
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Note: Reference categories are female, 18 to 24, student.!

4.3.2 Model 2: Interpretation of Al-generated Content in Brand Messaging (Q10)

The second logistic regression model examined the factors influencing how consumers in-
terpret Al-generated brand messages. Similar to the first model, ML1 again emerged as a
significant negative predictor with f =—1.06 (p <.001). This result indicated that participants
who prioritize emotional connection and authenticity were less likely to interpret Al-gener-
ated messages positively or neutrally. ML2 was a marginally significant positive predictor
(B=0.48, p =.06), suggesting a tendency toward more favorable interpretations among par-

ticipants with higher acceptance of Al

None of the demographic variables (gender, age group, occupation) were statistically signif-

icant in this model.

The model yielded McFadden R? = 0.19, r*ML = 0.21, r*CU = 0.30. Classification accuracy
was 71.9%, with a sensitivity of 85.9% and specificity of 41.7%. The model reflected a
stronger ability to detect positive/neutral responses than negative ones. The Hosmer—Leme-
show test again indicated a good model fit (3> = 7.58, df = 8, p = 0.475). Likelihood ratio

tests showed significant model improvement with the inclusion of ML1 (p < .001), while
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ML2 showed marginal significance (p = .06), and demographic variables did not signifi-

cantly enhance the model.

To interpret these findings in relation to the study’s hypotheses, each proposed relationship
was tested to assess how individual factors influence consumer interpretation of Al-gener-

ated messages:

¥ HIb (Higher concern for human connection, trust, and authenticity decreases the
likelihood of positive interpretation of Al-generated brand messages.) is supported.
Model 2 revealed that ML1 was a significant negative predictor of message interpre-
tation as well (B =—1.06, p <.001). In other words, respondents who highly valued
human-centric content were more prone to interpret an Al-generated brand message
skeptically (rather than neutrally or favorably), in line with the expectations of H2.

¥ H2b (Higher acceptance of Al and innovation increases the likelihood of positively
interpreting Al- generated brand messages.) is not supported. In Model 2, the ML2
factor did exhibit a positive coefficient (B = +0.48), but its effect did not reach con-
ventional significance (p = .06). This result suggests only a weak trend wherein
greater acceptance of AI might correspond to more positive interpretation of Al-gen-
erated messages. However, because the effect was not statistically significant at the
0.05 level, we cannot confidently confirm H4. In practical terms, there was not strong
enough evidence that openness to Al reliably improves how consumers interpret an
Al-created brand message.

¥ H3b (Gender influences consumer interpretation of Al-generated brand messages.)
is not supported. In Model 2, no significant gender effect was observed on message
interpretation (p = .41). This means male and female respondents did not differ in a
statistically significant way when it came to interpreting the meaning of Al-generated
brand messages. Thus, H6 is rejected.

¥ H4b (Age group influences consumer interpretation of Al-generated brand mes-
sages.) is not supported. Similarly, Model 2 showed no significant differences across
age groups in terms of message interpretation (all p > .6). Participants’ propensity to
be impressed, unaffected, or skeptical upon learning a message was Al-generated did

not vary in any systematic way with their age category. H8 is therefore rejected.
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¥ HS5b (Occupation influences consumer interpretation of Al-generated brand mes-
sages.) is not supported. Likewise, Model 2 found no significant occupation effects
on message interpretation. None of the occupation categories showed a statistical

influence (all p > .5). Consequently, H10 is rejected.

In summary, Model 2 reinforces the central role of authenticity-oriented attitudes in shaping
how consumers interpret Al-generated communications. While openness to Al showed a
weak positive trend, it was not sufficient to predict more favorable interpretations. Overall,
the results suggest that emotional and authenticity-related concerns remain stronger

determinants of message interpretation than demographic or innovation-related factors.

Table 6. Logistic Regression Results Predicting Interpretation of AI-Generated Brand Mes-
saging
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4.4 Cluster Analysis

The cluster analysis was conducted using the EFA factor scores. The aim of this analysis
was to gain a deeper insight about consumer attitudes toward Al-generated brand content.
The segmentation derived allowed for the identification of distinct consumer profiles based

on their positions.

Each survey respondent was assigned to one of the clusters based on their proximity in the

two-dimensional factor space. A scatterplot of ML1 (Human Connection & Authenticity)
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versus ML2 (Al Acceptance & Innovation) revealed three distinct segments, as shown in
figure 13. The scatterplot illustrated the separation between respondents who prioritize hu-
man authenticity, those who embrace Al innovation, and those disengaged from both dimen-

sions.

Cluster
1
2
3

Factor 2: Al Acceptance & Innovation

2 1 0 1 2
Factor 1: Human Connection & Authenticity

Figure 13. Consumer Clusters Based on Factor Scores ML1 (Human Connection & Authen-

ticity) and ML2 (Al Acceptance & Innovation).

Cluster Profiles

Table 7. Summary of Cluster Profiles Based on Mean Factor Scores
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The cluster analysis yielded three distinct respondent segments, each characterized by dif-
ferent levels of emotional connection to brand content (ML1) and acceptance of Al-gener-

ated content (ML2). To further interpret the nature of each segment, the average factor scores
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for ML1 and ML2 were analysed for each cluster, as shown above. As summarized in Table

7, these clusters represent unique attitudinal orientations toward Al in branding.

Cluster 1, labelled Traditionalists, scored high on ML1 (+0.85) and low on ML2 (—0.42).
This group values emotional resonance, authenticity, and human connection in brand com-
munication. They are sceptical of Al-generated content and tend to associate it with a loss

of brand identity and emotional depth.

Cluster 2, referred to as Disengaged Consumers, showed low scores on both ML1 (-0.94)
and ML2 (—0.24). These respondents appear detached from both traditional and Al-driven
brand content. Their weak emotional connection and limited interest or trust in Al suggest

they are either not exposed to it or show general indifference to brand communications.

Cluster 3 can be identified as Tech-Optimists. They scored moderately on ML1 (+0.13) and
highly on ML2 (+1.55). Due to its modernity and innovative appeal, this group embraces
Al-driven content and views it positively. While they remain somewhat emotionally con-
nected to branding, their primary interest lies in the functional utility of Al-enhanced com-

munication strategies.

4.5 Qualitative Insights on Consumer Perceptions of Al-Generated Brand Con-

tent

To complement the quantitative findings, insights from semi-structured interviews with mar-
keting professionals were gathered. The interviews provided practical perspectives since
these professionals have been working in content creation, marketing, and brand communi-
cation roles with various experience levels. They explained how Al-generated brand content

is perceived in professional contexts.

Among participants, two of them stated that AIGC often lacks the variation of human-gen-
erated content, and expressed scepticism toward Al-generated content. They argued that
brand communication should feel tailored. Moreover, they noted that when content appears

overly uniform or automated, it may signal a lack of effort or authenticity from the brand.
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In contrast, all of the participants agreed on the fact that marketing communications is cur-
rently more dynamic than ever, and content trends change quickly. In such an environment,
Al is a useful tool to increase their efficiency and meet the expectations of their clients. They
pointed out that Al help generate draft content, automate repetitive writing tasks, and tailor
messages across platforms. One of these participants emphasized that while Al cannot fully
replace human creativity, it serves as a practical tool for enhancing productivity when used

thoughtfully.

One participant noted that consumer responses to Al-generated content often depend on how
seamlessly the content is integrated into the overall brand communications. According to
this view, when the implementation of Al is smooth and fits the already existing brand image
in terms of message tone or quality, consumers would not be aware of or question its use.
However, if the output feels unnatural or formulaic, consumers may feel uncomfortable with

the communication.

These perspectives align well with the cluster analysis and regression results. Two respond-
ents approach Al use in branding from a more pragmatic and innovation-driven perspective.
They focus on the efficiency gain with the thoughtful and creative use of Al. On the other
hand, the other interviewee remains cautious, particularly when she perceives the standard-
ised language of Al and the eeriness. The qualitative reflections reinforce the idea that con-
sumer evaluations are influenced by both the perceived usefulness of Al and broader expec-

tations around brand behaviour and content standards.
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5 Discussion

This chapter explains the results presented in the previous section with the existing literature
to answer research questions. It connects the empirical findings with theoretical perspectives
from branding, consumer behavior, and digital marketing. The section explains how artificial
intelligence-generated content (AIGC) influences consumer perceptions and, consequently,
brand image. Each subsection addresses one of the study’s specific research questions, fol-
lowed by a synthesis that answers the main research question regarding the overall impact

of AIGC on brand image.

5.1 What key factors define consumers’ perceptions of Al-generated content in

brand communications?

The findings identified two primary perceptual dimensions that shape how consumers view
Al-generated brand communications. These factors capture the dual nature of consumer re-

sponses to AIGC, reflecting concerns versus openness:

Emotional Connection & Authenticity (Factor 1): This factor represents the ideas of the
consumers who value a human touch, authenticity, and emotional resonance in brand con-
tent. Respondents who were sensitive to whether content felt “human” or not scored high on
this factor. This is in line with the wider literature that has emphasized authenticity as a vital
characteristic for a brand. Previous studies emphasize the importance of a brand's unique
voice, and warn the brands that AIGC might harm this unique voice by producing less au-
thentic content (Kirkby, Baumgarth & Henseler, 2023). This authenticity deficit can erode
credibility and foster skepticism. For example, Epstein and Hertzmann (2023) note that Al-
driven content often relies on already existing data; therefore, it can lack the creativity and
originality of human-generated messages. Similarly, Haan (2023) found that over 75% of
consumers worry about misinformation from Al, which is an issue tied to credibility and
trust. Labib (2024) highlights that the lack of human emotion in Al content may alienate
audiences, making messages feel less genuine. All these concerns of loss of human voice,

credibility issues, emotional detachment are captured by the first factor. It is also in line with
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the experiment of Kucinskas and Survilaite (2025). When they revealed that an ad is made
by Al significantly, perceived authenticity reduced, which undermines brand trust and im-
age. In sum, Factor 1 embodies the cautionary perspective found in the literature. Consumers
high on this factor believe that the communications of brand should be authentic and reflect
the craftsmanship and human creativity. However, AIGC lack these qualities, thereby the

content’s value in their eyes diminishes.

Al Acceptance & Innovation (Factor 2): This factor reflects an openness to Al technol-
ogy’s role in brand content. A high score on this dimension shows that the consumer ap-
proach Al from a more pragmatic perspective. They perceive the brand communications
with AIGC as useful, innovative, or efficient rather than threatening. This aligns with Gupta
et al. (2024), who adopt a more optimistic perspective by emphasizing the advantages of Al
in marketing. Several sources note that the rapid, tailored content generation with Al tools
can increase content productivity and personalization and improve overall consumer expe-
rience (Wan, Zhou & Wang, 2024; Cao et al., 2023; Gupta et al., 2024). Consumers attuned
to these advantages may view the brands which use and declare AIGC as a sign of a forward-
thinking brand. The results are consistent with the notion of “perceived intelligence” intro-
duced by Gu et al. (2024). Perceived intelligence is the degree to which consumers feel an
Al-generated message is smart, innovative, or high-quality (Gu et al., 2024). In their study
of Al-generated ads, perceived intelligence of the content increased consumer acceptance of
the advertising. Similarly, participants in this study who scored high on the AI Acceptance
factor tended to focus on good sides and appreciate the professionalism, creativity, and mo-
dernity that Al could bring to brand communications. This perspective is also reflected in
the qualitative interviews. Marketers mentioned that some consumers, often tech-savvy
ones, are impressed by AI’s capabilities when it is used carefully. For such consumers, AIGC
can be a sign of a cutting-edge brand which embraces the technology. Indeed, when brands
openly disclose Al, it can signal innovation and technical prowess, as in the case of Heinz
or KitKat Al-crafted ads (Kucinskas & Survilaite, 2025). Factor 2 demonstrates this innova-
tion-friendly mindset. These consumers do not focus on the loss of human touch, instead,
they focus on the efficiency and innovation gain. This duality in the factors is documented
by Gu et al. (2024), who found that “perceived eeriness” of Al drives rejection while per-

ceived usefulness and intelligence drives acceptance. In summary, Factor 2 aligns with prior
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findings that a segment of consumers is excited by AI’s potential in marketing, viewing it as

a value-added innovation.

The tension of these two factors reflects conflicted attitudes also reported in literature re-
view. On one hand, there is a clear trust and authenticity concern; on the other, a fascination
with technology and innovation. This polarization was even evident among marketing pro-
fessionals during the interviews. One of them was highly sceptical of AIGC’s long-term
brand impact, while others were enthusiastic about its opportunities. The literature similarly
contains both scepticism and optimism. The empirical identification of two dimensions pro-
vides structure to these attitudes and confirms that consumer perceptions of AIGC are not

monolithic.

5.2 How do these consumer perception factors influence brand image outcomes

such as trust and message interpretation?

The second sub-question asked how these perception factors ultimately influence brand im-
age outcomes such as consumer trust in the brand or message and their interpretation of the
message. In this study, these outcomes were analysed with the answers to the survey ques-
tions about whether knowing content is Al-generated would affect one’s trust in the brand
or change how one interprets the message. The questions were analysed through logistic
regressions. It revealed that Factor 1 (Authenticity/Human Connection) had a strong nega-
tive effect on these outcomes, whereas Factor 2 (Al Acceptance) had a positive but more
modest effect. In other words, consumers who highly value authenticity were significantly
less likely to trust or positively engage with an AIGC. On the other hand, those consumers
more open to Al were slightly more likely to remain positive or neutral in their interpretation.
This finding is theoretically consistent with the idea that brand image is multidimensional
and it is heavily tied to trust and credibility in communications (Keller, 1993; Jam, Khan &

Paul, 2025).

Trust emerged as a critical mediating variable. Participants with strong human-centric pref-
erences in communications tended to doubt the credibility of AIGC. A similar outcome can

be observed in the prior studies as well. For instance, Kucinskas and Survilaité¢ (2025)
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showed that when consumers learn of Al involvement in an ad, their perceived authenticity
drops, which directly lowers brand trust. Moreover, Amos and Zhang (2024) argued that use
of Al in reviews increase the perception of deception. The result of the study supports these
arguments. The analysis of factor 1 loaded items strongly predicted lower trust and more
skeptical interpretation of AIGC. As Jam, Khan and Paul (2025) note, a strong brand image
normally builds trust and loyalty. Therefore, it can be quickly eroded if communications

seem inauthentic or deceptive.

On the other hand, Factor 2 (Al Acceptance & Innovation) had a positive influence on con-
sumer responses. However, its impact was comparatively weaker than the influence of
Factor 1. Some consumers responded that knowing the content was Al-generated would
show the innovativeness of the brand and impress them. This reflects Gu et al.’s results
(2024), who found that when consumers perceive an Al-generated ad as intelligent, they are
more likely to accept it. In the regression analysis, this factor’s coefficient was positive. This
result indicated the tendency of consumers with pro-technology mindset toward higher trust
or neutral brand interpretation. However, its effect was only marginally significant in pre-
dicting message interpretation. This result showed that the enthusiasm for Al does not com-
pletely guarantee the positive interpretation and invalidates authenticity concerns. This nu-
ance is insightful. Brands must meet certain quality thresholds to maintain trust even for
tech-optimist consumers. This idea is also supported by the study of Bui, Filimonau and
Sezerel (2024), which argues that AIGC can support marketing outcomes if it aligns well
with the reality. The qualitative interviews further support this result. One participant noted
that if Al content is integrated smoothly into the brand’s style and maintains expected qual-
ity, consumers would not usually understand or question its use. However, if it feels unnat-
ural or formulaic, it decreases the satisfaction. Thus, while Factor 2 can buffer the negative
impact to a degree, it does not guarantee a positive interpretation of the content or brand.
Even the tech-savvy consumers can be critical. In fact, Ku¢inskas and Survilaité (2025)
found that knowledgeable consumers viewed Al disclosure more negatively, possibly be-

cause they are aware of AI’s limitations or have higher expectations.

In summary, AIGC that undermines authenticity will likely harm brand trust and message
effectiveness among a substantial portion of consumers, thereby negatively impacting brand

image. Conversely, AIGC done well can be received as a sign of innovation and modernity,
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which may enhance brand trust and message interpretations, thus, brand image. Ultimately,
the net effect on brand image will depend on which consumer segments dominate the audi-

€nce.

5.3 How do distinct consumer segments differ in their attitudes toward the use of

Al generated content in brand communications?

The third sub-question examined the heterogeneity in consumer attitudes. The study identi-
fied three distinct consumer segments based on respondents’ positions on the two perception

factors. Each of these segments represent a unique attitudinal profile toward AIGC.

Traditionalists (Segment 1): This group’s score on Emotional Connection & Authenticity
factor was high, but they scored low on Al Acceptance. In brand communications, tradition-
alists care about humanized and authentic brand communications. They are skeptical of Al-
generated content due to the lack of human touch. For them, AIGC is a threat to brand iden-
tity, originality, and emotional depth. The attitudes of this group also appear in the study of
Chen et al. (2024). They similarly found out that while consumers view Al as capable and

rational, they do not associate it with emotional depth.

Our data showed that the use of AIGC is associated with a loss of brand authenticity for
Traditionalists. For example, they are more likely to agree the statement of “Al content
would make the brand feel less genuine.” in the survey. This segment’s attitude is consonant
with the tech-skeptic or even paranoid profiles described in the technology adoption litera-
ture. For instance, Colby and Parasuraman (2001) called “Skeptics/Paranoids” to the seg-
ment of consumers characterized by high discomfort or insecurity with new technology. The

attitudes of this group is parallel to the Traditionalists in our study.

From a marketing perspective, Traditionalists may include brand loyalists or older consum-
ers who cherish brand heritage and human creativity. Interestingly, our findings did not show
strong age or gender biases in this segment. This is a reminder that even younger consumers
can hold traditionalist views about human-generated vs Al-generated content. This supports

observations that digital skepticism is not confined to older demographics; indeed, older
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consumers are increasingly digitally savvy (Nunan & Di Domenico, 2019) and younger ones
can also be critical with their increasing awareness towards Al. The Traditionalist segment
is the most resistant to AIGC. They are the most likely to report lower trust and negative
interpretations if they know content is Al-made. Their existence should warn the brands
about the quick adoption of Al. The communications depend solely on Al could alienate a

portion of the audience who feel that the “human touch” is essential.

Disengaged Consumers (Segment 2): With low emotional connection to brand content and
low interest in Al innovations, this segment scored low on both factors. Disengaged con-
sumers appear relatively indifferent toward brand communications in general, whether hu-
man or Al-generated. In our survey, Disengaged consumers often selected neutral or “no
difference” responses regarding AIGC impact. They neither strongly agree to the statements
related with authenticity or emotional connection nor agree to the items about Al’s ad-
vantages. This segment might consist of consumers who are not highly involved with brands
or advertisements. For example, they may see advertising as noise or not follow specific

brands.

The literature on audience engagement suggests that such consumers might be hard to reach
with any marketing content. They usually tend to filter out brand messages. These kinds of
individuals are called “Laggards” or “Avoiders” in technology context (Parasuraman &
Colby, 2001). They are not actively opposing technology, but they do not embrace it either.
In this study’s context, their indifference means AIGC does not markedly worsen or improve
their perception of the brand or the message. They simply might not notice if the content is
produced by Al. This finding shows us a segment of consumers for whom the whole debate
of Al versus human content is not relevant. One implication is that brands should not over-
estimate the impact (positive or negative) of AIGC on every consumer. For some consumers,
other factors like price, convenience, personal habits may be more significant than the brand

communications and whether that communication was Al-generated.

Tech-Optimists (Segment 3): This group scored high on Al Acceptance & Innovation, and
moderate scores on Emotional Connection & Authenticity. Tech-Optimists are enthusiasts
of new technology. They embrace Al and its applications, and they often view it as a positive

enhancement to brand communications. Members of this segment in this study usually
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agreed with the items suggest that AIGC can make content “more interesting, creative, or
up-to-date.”. Brands using this technology impress them since they perceive the AIGC as a
mark of innovation and a sign of modernity. Besides, their moderate score on Factor 1 sug-
gests that authenticity is not completely irrelevant for Tech-Optimists, thus, they did not
entirely dismiss the value of human connection. However, they are generally not as strict as
the Traditionalists when the content meets certain quality standards. This attitude aligns
closely with “explorer” or “pioneer” segments in tech adoption models, who score high in

optimism and innovativeness (Parasuraman & Colby, 2001).

These consumers thrive on novelty and are often early adopters of new trends. In the context
of fashion marketing, Tech-Optimists may see Al-driven campaigns as exciting and forward-
thinking, especially when the brand is associated with trendiness. Our qualitative data indi-
cated that this group values professionalism and functional utility in brand messaging. Tech-
Optimists consider that a benefit if Al can deliver personalized and visually appealing con-
tent. One interviewee highlighted how Al tools increase efficiency and facilitate idea gener-
ation in dynamic settings, seeing Al as a practical tool that enhances human creativity. For
Tech-Optimists, a brand using AI might even improve brand image, implying that the brand
is innovative, modern, and efficient. This idea is supported by Lou et al. (2023), who argue
that the use of virtual influencers by brands enhances perceptions of forward-thinking brand
identity. Industry examples further reinforce this by explicitly marketing the brand as
technologically advanced, such as Heinz’s Al-powered ad campaign (Kucinskas &
Survilaite, 2025). Our findings suggest that such a strategy will resonate strongly with this

segment.

The cluster analysis shows that the impact of Al-generated content on brand perceptions is
segment-dependent. Rather than a uniform effect, AIGC polarizes the audience into profiles
that either embrace, reject, or passively absorb it. This finding enriches existing literature by
providing concrete evidence of market segmentation in AIGC reception. Recent marketing
research similarly address heterogeneity. For instance, Gupta et al. (2025) discusses that Al

integration in marketing will meet varying consumer responses across markets and cultures.

The contribution of this study is to map those variations in brand communications in fashion

and to link them with psychographic factors. Recognizing these segments allows marketers
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to tailor strategies. For Traditionalists, marketers in fashion should emphasize the human
touch. For example, they can blend Al content with human storytelling, or transparently
explain the human inspiration behind Al-crafted content. For Tech-Optimists, marketers
might highlight the innovative aspect of campaigns as a selling point, since this group will
respond positively to signs of technological advancement. For the Disengaged, brands may
need to use more creative hooks or experiential tactics to spark any interest. Simply knowing

content is Al-generated will not matter to them, so other engagement strategies are needed.

5.4 How does the adoption of Al-generated content in brand communications im-

pact brand image?

With the insights discussed above, we can now suggest that the impact of AIGC cannot be
reduced to a single, predictable scenario. Depending on the campaign's execution and the

consumer segments of the fashion brands, it can both enhance and undermine brand image.

On the positive side, incorporating AIGC can reinforce a fashion brand's innovative, modern,
and dynamic image. As the Tech-Optimist segment demonstrated, a portion of consumers
respond to AIGC with approval. This can translate into a brand image enhancement with a
future-oriented look. This aligns with industry observations that Al can create marketing
content at scale and in novel ways, sometimes even achieving “better than human” creative
outputs (Hartmann et al., 2025). If AIGC is used to deliver content that resonates, it could
enhance consumer perceptions of brand competence. Moreover, Al’s ability to analyze data
and tailor messages might improve the relevance of communications by strengthening brand
image dimensions like customer-centricity. These advantages support the arguments of pro-
ponents who claim that Al integration can elevate the marketing game when it is intelligently
executed (Gupta et al., 2025). Our study indeed found that a non-negligible share of con-
sumers interprets AIGC as a positive sign. This suggests brands can add value to the brand

image in the eyes of tech-friendly consumers.

On the other hand, authenticity, trustworthiness, and emotional appeal are among the core
brand elements, and AIGC also poses risks to them. The results confirm concerns raised in

the literature that Al-generated communications may weaken the emotional connection
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consumers feel with a brand. When content is perceived as inauthentic or too automated, it
can lead consumers to question the brand’s sincerity and credibility. Brand image is built on
consumer perceptions and associations (Keller, 1993). If AIGC introduces associations of
“fake,” “impersonal,” or “untrustworthy”, the brand’s image can degrade. In our survey, a
certain group of consumers indicated that knowing content was Al-made would make them
trust the brand less and view its messaging more skeptically. This indicates potential damage
to facets of brand image, such as honesty, sincerity, and quality. Supporting this, experi-
mental research has shown that revealing Al involvement can lower brand attitude and pur-
chase intentions specifically by harming perceived authenticity (Briins & Meifiner 2024). If

AIGC diminishes authenticity, the net impact on brand image could be negative.

Importantly, this research highlights that the overall impact on brand image will not be uni-
form across the audience or contexts. If a brand’s target market skews towards tech-embrac-
ing consumers, the positive innovation perceptions might outweigh authenticity concerns.
Conversely, for heritage luxury fashion brands with consumers who highly value craftsman-
ship and personal touch, AIGC could more easily backfire and dilute the brand’s prestige
image. Brand familiarity appears to moderate effects. This is supported by the experiments
of Aljarah, Ibrahim and Lopez (2025), where they demonstrated that negative effects can be
softened with existing brand familiarity. Moreover, prior research also found that Al disclo-
sure had a more pronounced negative impact for well-known brands than for new brands
(Kucinskas & Survilaité, 2025). This might be because established brands have a defined
image and personality that consumers expect in communications. Using Al can be seen as a
break from tradition or a dilution of brand personality. On the other hand, new or cutting-
edge brands might integrate Al as part of their identity from the start. For example, a tech-

fashion startup might be expected to use Al.

The fashion marketing context provides a salient example of these dynamics. Fashion brands
rely on image and storytelling (Kim & Sullivan, 2019). Concepts like authenticity, creativity,
exclusivity, and emotional engagement are central to brand value in this industry. Introduc-
ing Al into content creation in fashion must therefore be done in a way that augments crea-
tivity without eroding the human story behind the brand. The findings suggest that when Al
is used to complement human creativity, it could enhance consumer perceptions supporting

the experiments of the Lee & Kim (2024). These could be, for instance, generating ideas
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that are then refined by designers, or customizing lookbooks to consumer preferences. A
balanced approach is therefore required. This implies that the optimal impact on brand image
might come from a hybrid strategy. Marketers can use AI’s efficiency and data-driven in-
sights, but they should present the content in a way that feels tailored, creative, and consistent

with brand values.

In conclusion, the adoption of Al-generated content in brand communications impacts brand
image in multifaceted ways. It does not uniformly improve or damage brand image. Rather,
it amplifies certain brand associations while potentially diminishing others. If consumers
perceive AIGC as helpful, creative, and aligned with the brand, it can enhance brand image,
reinforcing perceptions of the brand as contemporary and innovative. If they perceive it as
cheap, inauthentic, or jarring, it can harm brand image, undermining trust and emotional

appeal.
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6 Conclusion

This thesis set out to investigate the effects of Al-generated content on brand image, with a
focus on fashion brand communications. By using a mixed-methods approach that combines
surveys, statistical analysis, and expert insights, this study finds that Al-generated content
has a dual impact on brand image. It enhances the brand image for some consumers while

diminishing for others.

To elaborate, the research found that two attitudinal dimensions that determine consumer
reactions to AIGC. The first one is the desire for human authenticity, emotional engagement
and trust in brand messages. Consumers high on this dimension tend to view Al-generated
content negatively, perceiving it as less genuine and potentially harmful to the brand’s au-
thenticity. The other dimension is an openness to Al and innovation, wherein consumers
appreciate the functional benefits of Al. Those consumers who score high here are generally
neutral or even positive about Al-generated brand content. They see it as a sign of innovation
or efficiency. In response to the main research question, we conclude that when a brand
adopts Al-generated content, the net effect on its brand image will depend on its audience.
If the audience is dominated by consumers seeking human touch and creativity, the brand’s
image may suffer. If the audience contains many tech-positive consumers, the brand image

is unlikely to be damage and could even gain an innovative edge.

This thesis opens up avenues for further exploration. It provides a foundation for understand-
ing the current situation of modern technologies in marketing. It demonstrates that artificial
intelligence is transitioning from back-end data analytics to front-end content creation. The
conclusions drawn here will need revisiting as both Al capabilities and consumer attitudes
evolve. This change will shape the future of brand management. What remains clear is that
brands must remain attuned to their audiences, maintaining the core values that define their

image while innovating responsibly.

Building on these conclusions, the following sections will expand on the significance of the
findings from both theoretical and managerial perspectives. It offers insights for marketers

in the fashion industry on how to navigate the challenges and opportunities of Al-generated
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content. The chapter concludes by reflecting on the study’s limitations and suggesting direc-

tions for future research.

6.1 Theoretical Implications

From a theoretical standpoint, this research contributes to the Al in marketing and brand
management literatures in several important ways. First, it empirically substantiates the no-
tion that consumer trust and authenticity perceptions are key mediators in the relationship
between Al usage and brand image. Prior conceptual works have speculated that Al-gener-
ated content might lack the “human touch” necessary for emotional brand building (Chen et
al., 2024). Our findings affirm this with quantitative evidence: the emotional connection and
authenticity factor (encompassing trust, human connection, etc.) was linked to negative
brand evaluations of AIGC. This aligns with and extends previous experimental studies that
showed consumers respond less favorably to Al-driven communications when it lacks the
authenticity (Jago, 2019; Briins & Meifner, 2024; Lee & Kim, 2024). For example, a dis-
closed Al chatbot can lower perceived brand authenticity and trustworthiness. By demon-
strating this effect, this study bridges a gap between general Al marketing theory and brand

image in the context of fashion brand communications.

Second, this research highlights the theoretical importance of consumer heterogeneity in
technology acceptance for branding outcomes. The study identified distinct consumer seg-
ments (Traditionalists vs. Tech-Optimists, etc.) that react differently to AIGC. The clear di-
vergence between authenticity-driven consumers and innovation-driven consumers in our
data provides a framework for predicting brand image outcomes of Al use: brands might
maintain or even enhance brand equity among innovation-minded segments while simulta-
neously risking brand equity among authenticity-minded segments. This dual effect may
help explain some mixed results reported in prior studies. For instance, some studies found
that consumers appreciate personalized Al content due to improved engagement, while oth-
ers found that Al content disclosure can backfire and harm ad evaluations (Zhang et al.,
2023; Aljarah, Ibrahim & Lopez, 2025). The contribution of this thesis is in showing that
both can be true simultaneously, once you account for different consumer mindsets. There-
fore, this thesis add nuance to theoretical models of Al consumer acceptance by introducing

consumer attitude segments as moderators in the Al-brand relationship.
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Third, this study extends theory by focusing on the fashion industry context, which combines
a high value on creativity and emotional branding with an increasing use of digital innova-
tions. Fashion marketing and branding literature emphasize storytelling, aesthetics, and au-
thenticity as vital to brand image, especially for luxury brands (Kim & Sullivan, 2019; Ugok
Hughes, Bendoni, & Pehlivan, 2016). Our findings that AIGC can endanger authenticity
resonate strongly with these theories, particularly in fashion industry. At the same time, the
fashion context also prizes innovation and staying on trend. The fact that many consumers
did not mind AI content, and some even approved of it, ties into brand innovation theories:
brands are expected to innovate, and customers are attracted by innovation (Aaker, 2007).
Therefore, Al can be viewed as part of marketing innovation and create an excitement to-
wards brands. This study contributes to the theoretical discourse by illustrating this tension
between heritage (authentic craftsmanship) and innovation (Al augmentation) in brand im-

age formation.

In summary, this thesis contributes to theory by confirming that AIGC’s impact on brand
image is mediated by authenticity and innovation perceptions, moderated by consumer seg-
ments, and context-dependent. It integrates perspectives from digital marketing, consumer
behavior, and branding to advance a more comprehensive understanding of how disruptive

technologies intersect with classic branding principles.

6.2 Practical Implications for Marketers in Fashion Sector

The findings also presented valuable pragmatic implications for brand and marketing man-

agers in the fashion industry.

1.! Mind the audience: Segment with care. Brands must assess the constitution of their
target audience according to Al attitudes. If the brand is primarily targeting a con-
sumer segment that can be identified as "Traditionalists" of this study (e.g. consum-
ers who highly value craftsmanship, human ingenuity, and personal touch), managers
should be cautious in applying AIGC. Those consumers will most likely perceive Al-
generated content as diluting brand authenticity and even eroding brand trust and

loyalty. In these cases, when Al is used, brands might avoid explicitly stating it or
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must work proactively to overcome authenticity concerns (e.g., by emphasizing hu-
man control or incorporating human content into the Al content). On the other hand,
if a brand targets customers who are more tech-savvy or innovation-seekers (such as
the "Tech-Optimists"), the use of AIGC can be perceived as the brand being innova-
tive and efficient, something that will be to its advantage competitively. Customers
might even expect brands to utilize the most advanced technology. For instance, a
quick-fashion brand appealing to Gen-Z consumers may gain from Al personaliza-
tion without damaging brand reputation, provided that the content is maintained in

relevance and interest.

. Preserve authenticity and human touch. For any business, especially in fashion,

where brand image is strongly linked with the beauty of emotions, maintaining a
sense of human touch in communications is crucial. Brand voice consistency and
emotional relationship should not be sacrificed in favor of automation. In practice,
this means that Al-generated texts or images should be closely reviewed and refined
by human designers or editors to meet brand personality and quality standards. The
marketers may use Al for drafting and then add human imagination to the final draft.
This would counteract the fear of some of the respondents that Al-created content
would sound impersonal if left unedited. Another strategy is to deploy Al in less
consumer-facing areas (e.g., internal content curation, product recommendations)
while maintaining human-centric front-facing brand storytelling. The aim is to har-
vest the advantages of Al (speed, scale, personalization) without the consumer feel-
ing that there is loss of authenticity. Fashion brands, especially, could consider mix-
ing Al with human influencers or designers. For instance, having a human brand
ambassador present Al- curated styles may combine innovation with a relatable hu-

man element.

I Communicate transparently (but thoughtfully) about AI use. Transparency is a

controversial issue in this sense. On the one hand, there are legal and moral burdens
to disclose Al-generated content. On the other hand, as our study and earlier research
demonstrate, it can create skepticism or diminish message credibility (Baek, Kim &
Kim, 2024). The managers must navigate this. Honesty is important, and deceiving
consumers (e.g. passing off Al-generated work as human) can backfire miserably if
exposed. We recommend controlled transparency: be open about Al use in a way that

also educates or frames it positively. For example, a brand can say, "We use Al to
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help our designers, enabling us to present you a more diverse portfolio, but each
product is signed off by our design team." This sort of message can eliminate the
perception that the brand is "cheating" or "losing its soul," by asserting that humans
remain accountable for quality and creativity. A second path is to highlight the inno-
vation: if the target is a technophile audience, the company can integrate Al into its
own story ("pioneering a new frontier of fashion-tech"). It is important not to give
the image of laziness or dishonesty. If clients make the assumption that a company
embraces Al just to cut costs without attention to quality or integrity, the brand's
reputation will be harmed. Therefore, any conversation around the application of Al
should be about customer gains (better personalization, faster service, etc.) and rein-

force the brand's core values (e.g. creativity, inclusivity).

.I Use AIGC to enhance personalization and engagement carefully. A practical ad-

vantage of Al marketing is the ability to personalize messages to individual custom-
ers at scale. In fashion marketing, Al can generate tailored outfit recommendations,
custom marketing emails, or chatbot discussions. These can improve customer en-
gagement if done properly because they make customers feel understood. The find-
ings show that many consumers, including Al doubters, will not mind Al influence
if the content is genuinely useful and doesn’t feel robotic. Marketers should thus
focus on relevance and quality of Al-generated content. For instance, product de-
scriptions written by Al must still be relevant and accurate; social media content
developed by Al must be as appropriate as content written by humans. Testing con-
tent with focus groups or A/B testing with a small audience segment can quantify
response. Brands can also mix Al suggestions with human creativity. They can use
Al analysis to find trends and instruct designers to create trended pieces, or use Al
to create social media content with incorporated brand personality. In practice, Al
must augment, and never replace, human imagination in fashion brand communica-

tions. It should only be employed as a support tool.

I Monitor consumer feedback and be ready to adjust. The use of Al-generated con-

tent must be addressed as an iterative process. Fashion marketers should actively
monitor the consumer attitudes via social media comments, surveys, customer ser-
vice interactions. As soon as they find any signs of confusion, negativity, or concerns,
the brand should address them (either by changing the content strategy or by explain-

ing the context to reframe consumer attitudes). On the other hand, positive
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engagement metrics or feedback might validate further use of AIGC. A strategy to
start with is a small-scale pilot initiative of AIGC (e.g., Al-generated captions on a
few social media postings, or an Al styling chatbot) and test consumer reactions. In
the fast-evolving Al ecosystem, consumer attitude can change with time as well.
With Al spreading all over, today's skeptics will become increasingly open-minded.
Therefore, marketers must keep exploring and updating their understanding of their
audience. Investment in consumer education can also come in handy. If a brand is
able to demonstrate responsible and innovative use of Al, it might gain at the expense
of inquiring consumers. Fashion brands, for example, can share behind-the-scenes of

Al-powered campaigns as a story of innovation.

6.3 Limitations and Future Research

While this study offers novel insights, it is not without limitations. These limitations point
to avenues for future research. First, the sample characteristics constrain the generalizability
of the findings. Our survey was conducted with 114 respondents, mostly younger, female
consumers. Although we controlled for demographics in the analysis, the non-significance
of age and occupation effects may partly be due to a relatively homogeneous sample. Future
studies should examine a more diverse or larger sample with different age groups, cultures,
and a more balanced gender mix. It would also be insightful to see if older consumers or

those in different cultures show stronger or weaker authenticity concerns regarding AIGC.

Second, the research design was cross-sectional and relied on self-reported perceptions and
hypothetical scenarios (e.g. asking how knowing a brand uses Al would affect one’s view).
Actual consumer behavior might differ from stated intentions. Subsequent research could
employ experimental designs. For instance, participants might be exposed to real or simu-
lated brand content that is Al-generated vs. human-generated and measuring brand image

outcomes (trust, favorability, purchase intention) in a controlled setting.

Third, our operationalization of “brand image outcomes” was somewhat narrow, focusing
on immediate perception and message interpretation as proxies for brand image. Brand im-
age is a multi-faceted construct that develops over longer periods and through accumulated

experiences. Future research could expand the scope by investigating how continuous or
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repeated use of AIGC by a brand influences brand equity dimensions such as brand loyalty,
perceived quality, and brand associations. For example, does a brand that consistently uses
Al-generated social media posts experience a shift in its brand personality as perceived by

consumers? Tracking brands could be valuable in this sense.

Fourth, the study centered on the fashion industry; while we argued that fashion is a critical
testbed due to its emphasis on creativity and brand narrative, other industries might yield
different dynamics. In utilitarian product categories (say, electronics or services), consumers
might care less about the “human” aspect of content, potentially reducing authenticity con-
cerns. It would be useful to replicate this research in different contexts. Such studies could
also refine the understanding of when and where AIGC is most risky versus acceptable and

give the opportunity to compare.

Lastly, we acknowledge that Al technology is rapidly evolving. The quality of Al-generated
content is improving, and consumer exposure to Al is increasing. What might seem novel or
unconvincingly “robotic” today could become normal and indistinguishable from human
content in the near future. Therefore, the skepticism some consumers currently hold may
soften as Al becomes a routine part of life, or conversely, there may be a future backlash as
Al proliferation triggers fatigue. Continuous research is needed to track how consumer sen-

timents shift with technological advancements and societal discourse around Al.



94

References

Aaker, D. A. (1991) Managing brand equity: capitalizing on the value of a brand name. New
York: Free Press.

Aaker, D. 2007. Innovation: Brand it or lose it. California Management Review. 50(1), pp.8-
24,

Aguirre, E., Mahr, D., Grewal, D., De Ruyter, K. & Wetzels, M.3 2015. Unraveling the
personalization paradox: The effect of information collection and trust-building strategies
on online advertisement effectiveness. Journal of retailing, 91(1), pp.34-49.

Ahmad, S., Wasim, S., Irfan, S., Gogoi, S., Srivastava, A. & Farheen, Z. 2019. Qualitative
v/s. quantitative research-a summarized review. population, 1(2), pp.2828-2832.

Ailawadi, K.L., Lehmann, D.R. & Neslin, S.A. 2003. Revenue premium as an outcome
measure of brand equity. Journal of Marketing. 67(4), pp.1-17.

Akram, S.V., Malik, P.K., Singh, R., Gehlot, A., Juyal, A., Ghafoor, K.Z. and Shrestha, S.,
2022. Implementation of digitalized technologies for fashion industry 4.0: Opportunities and
challenges. Scientific Programming, 2022(1), p.7523246.

Aljarah, A., Ibrahim, B. and Lopez, M. 2025. In Al, we do not trust! The nexus between
awareness of falsity in Al-generated CSR ads and online brand engagement. Internet Re-
search. 35(3), pp.1406-1426.

Amos, C. and Zhang, L. 2024. Consumer reactions to perceived undisclosed ChatGPT usage
in an online review context. Telematics and Informatics. 93, p.102163.

Arango, L., Singaraju, S.P. & Niininen, O. 2023. Consumer responses to Al-generated char-
itable giving ads. Journal of Advertising 52(4), pp.486-503.

Ashley, C. & Tuten, T. 2015. Creative Strategies in Social Media Marketing: An Exploratory
Study of Branded Social Content and Consumer Engagement. Psychology & marketing. 32
(1), 15-27.

Appel, G., Grewal, L., Hadi, R. & Stephen, A.T. 2020. The future of social media in mar-
keting. Journal of the Academy of Marketing Science. 48(1), pp. 79-95.

Aydin, O. & Karaarslan, E. 2023. Is ChatGPT leading generative AI? What is beyond ex-
pectations? APJESS. 11(3), pp.118-134.



95

Babi¢ Rosario, A., Sotgiu, F., De Valck, K. & Bijmolt, T.H.A. 2016. The effect of electronic
word of mouth on sales: A meta-analytic review of platform, product, and metric factors.
Journal of Marketing Research. 53(3), pp. 297-318.

Baek, T.H., Kim, J. & Kim, J.H. 2024. Effect of disclosing Al-generated content on prosocial
advertising evaluation. International Journal of Advertising. pp.1-22.

Barta, S., Belanche, D., Fernadndez, A. & Flavian, M., 2023. Influencer marketing on TikTok:
The effectiveness of humor and followers’ hedonic experience. Journal of Retailing and
Consumer Services, 70, p.103149.

Batterton, K.A. & Hale, K.N. 2017. The Likert scale what it is and how to use it. Phalanx.
50(2), pp-32-39.

Belanche, D., Casald, L.V. & Flavian, M. 2024. Human versus virtual influences, a compar-
ative study. Journal of Business Research. 173, p.114493.

Berry, L.L., 2000. Cultivating service brand equity. Journal of the Academy of marketing
Science. 28, pp.128-137.

Bertola, P. & Teunissen, J. 2018. Fashion 4.0. Innovating fashion industry through digital
transformation. Research journal of textile and apparel. 22(4), pp.352-369.

Bourguignon, B., Terho, H. & Hajjem, A., 2025. How B2B social media content strategies
generate engagement across different social media platforms. Industrial Marketing Manage-
ment, 125, pp.413-430.

Boyd, D. M. & Ellison, N. B. 2007. Social Network Sites: Definition, History, and Scholar-
ship. Journal of computer-mediated communication: JCMC. 13 (1), 210-230.

Bughin, J. 2015. Brand success in an era of Digital Darwinism. McKinsey & Company.

Available at; https://www.mckinsey.com/industries/technology-media-and-telecommunica-

tions/our-insights/brand-success-in-an-era-of-digital-darwinism.

Bui, H.T., Filimonau, V. & Sezerel, H. 2024. Al-thenticity: Exploring the effect of perceived
authenticity of Al-generated visual content on tourist patronage intentions. Journal of Des-
tination Marketing & Management. 34, p.100956.

Briins, J.D. & Meillner, M. 2024. Do you create your content yourself? Using generative
artificial intelligence for social media content creation diminishes perceived brand authen-
ticity. Journal of Retailing and Consumer Services. 79, p.103790.

Cai, Y.-J. & Choi, T.-M. 2023. Omni-channel marketing strategy in the digital platform era.

Journal of business research. 168.



96

Campbell, C., Sands, S., Ferraro, C., Tsao, H.Y.J. & Mavrommatis, A. 2020. From data to
action: How marketers can leverage Al. Business horizons, 63(2), pp.227-243.

Cao, Y., Li, S.,Liun, Y., Yan, Z., Dai, Y., Yu, P.S. & Sun, L. 2023. A comprehensive survey
of Al-generated content (AIGC): A history of generative Al from GAN to ChatGPT. arXiv.
Carlson, A. & Lee, C.C., 2015. Followership and social media marketing. Academy of mar-
keting studies Journal. 19(1).

Castellan, C.M. 2010. Quantitative and qualitative research: A view for clarity. International
journal of education. 2(2), p.1.

Chen, H., Chan-Olmsted, S., Kim, J. & Mayor Sanabria, 1. 2022. Consumers’ perception on
artificial intelligence applications in marketing communication. Qualitative Market Re-
search. 25(1), pp.125-142.

Chen, Y., Wang, H., Hill, S.R. & Li, B. 2024. Consumer attitudes toward Al-generated ads:
Appeal types, self-efficacy and AI’s social role. Journal of Business Research. 185,
p.114867.

Cheng, J. & Wang, J. 2024. Influencer-product attractiveness transference in interactive
fashion marketing: the moderated moderating effect of speciesism against Al. Journal of
Research in Interactive Marketing.

Cheung, M.L., Pires, G. & Rosenberger, P.J. 2020. The influence of perceived social media
marketing elements on consumer—brand engagement and brand knowledge. Asia Pacific
Journal of Marketing and Logistics. 32(3), pp.695-720.

Choy, L.T. 2014. The strengths and weaknesses of research methodology: Comparison and
complimentary between qualitative and quantitative approaches. IOSR journal of humanities
and social science. 19(4), pp.99-104.

Chung, M., Ko, E., Joung, H. & Kim, S.J. 2020. Chatbot e-service and customer satisfaction
regarding luxury brands. Journal of business research. 117, pp.587-595.

Clegg, N. 2024. Labeling Al-generated images on Facebook, Instagram and Threads. Meta.

Available at: https://about.fb.com/news/2024/02/labeling-ai-generated-images-on-face-

book-instagram-and-threads/

Cuénin, J. 2025. In Brussels, the first-ever exhibition on Al-generated imagery. Blind Mag-

azine. 27 January. Available at: https://www.blind-magazine.com/en/news/in-brussels-the-

first-ever-exhibition-on-ai-generated-imagery/

Colby, C.L. & Parasuraman, A. 2001. Techno-ready marketing: How and why customers

adopt technology. Simon and Schuster.



97

Cretu, A.E. & Brodie, R.J. 2007. The influence of brand image and company reputation
where manufacturers market to small firms: A customer value perspective. Industrial mar-
keting management. 36(2), pp.230-240.

Cetin, O. & Duran, A. A comparative analysis of the performances of ChatGPT, DeepL,
Google Translate and a human translator in community based settings. Amasya Universitesi
Sosyal Bilimler Dergisi. 8(15), pp.525-578.

Dastane, O. 2020. Impact of digital marketing on online purchase intention: Mediation effect
of customer relationship management. Journal of Asian Business Strategy. 10, pp. 142-158.
DataReportal. 2025. Digital 2025: Global Overview Report. Available at: https://datare-
portal.com/reports/digital-2025-global-overview-report.

De Bruyn, A., Viswanathan, V., Beh, Y.S., Brock, J.K.-U. & Von Wangenheim, F. 2020.

Artificial intelligence and marketing: Pitfalls and opportunities. Journal of Interactive Mar-
keting. 51(1), pp.91-105.

Deepa, M., Ghosh, M., Rani, R.J., Jebadurai, D.J. & Aroman, B. 2025. Digital era: the effect
of electronic word of mouth, online communities, and online advertising on brand image and
loyalty. International Journal of Intelligent Enterprise. 12(2), pp.171-189.

Dobni, D. & Zinkhan, G.M. 1990. In search of brand image: A foundation analysis. Ad-
vances in consumer research. 17(1).

Dumitriu, D. & Popescu, M.A.-M. 2020. Artificial intelligence solutions for digital market-
ing. Procedia Manufacturing. 46, pp.630—636.

Dwivedi, Y.K., Hughes, L., Ismagilova, E., Aarts, G., Coombs, C., Crick, T., Duan, Y.,
Dwivedi, R., Edwards, J., Eirug, A. & Galanos, V. 2021. Artificial Intelligence (AI): Multi-
disciplinary perspectives on emerging challenges, opportunities, and agenda for research,
practice and policy. International journal of information management, 57, p.101994.

Elia, S., Giuffrida, M., Mariani, M.M. & Bresciani, S. 2021. Resources and digital export:
An RBV perspective on the role of digital technologies and capabilities in cross-border e-
commerce. Journal of Business Research. 132, pp.158-169.

Epstein, Z. & Hertzmann, A. 2023. Art and the science of generative Al. Science. 380,
pp-1110-1111.

Fabrigar, L.R., Wegener, D.T., MacCallum, R.C. & Strahan, E.J. 1999. Evaluating the use
of exploratory factor analysis in psychological research. Psychological methods, 4(3), p.272.
Faircloth, J. B., Capella, L. M. & Alford, B. L. 2001. The Effect of Brand Attitude and Brand
Image on Brand Equity. Journal of Marketing Theory and Practice. 9(3), pp. 61-75.



98

Farquhar, P.H., 1989. Managing brand equity. Marketing Research, 1(3).

Ferguson, E. & Cox, T. 1993. Exploratory factor analysis: A users’ guide. International jour-
nal of selection and assessment. 1(2), pp.84-94.

Gao, B., Wang, Y., Xie, H., Hu, Y. & Hu, Y. 2023. Artificial intelligence in advertising:
Advancements, challenges, and ethical considerations in targeting, personalization, content
creation, and ad optimization. Sage Open. 13(4).

Goh, K.Y., Heng, C.S. & Lin, Z. 2013. Social media brand community and consumer be-
havior: Quantifying the relative impact of user-and marketer-generated content. Information
systems research. 24(1), pp.88-107.

Gu, C., Jia, S., Lai, J., Chen, R. and Chang, X., 2024. Exploring Consumer Acceptance of
Al-Generated Advertisements: From the Perspectives of Perceived Eeriness and Perceived
Intelligence. Journal of Theoretical and Applied Electronic Commerce Research, 19(3),
pp-2218-2238.

Gupta, R., Nair, K., Mishra, M., Ibrahim, B. & Bhardwaj, S. 2024. Adoption and impacts of
generative artificial intelligence: Theoretical underpinnings and research agenda. Interna-
tional Journal of Information Management Data Insights. 4(1), p.100232.

Gupta, S., Wang, Y., Patel, P. & Czinkota, M. 2025. Navigating the future of Al in market-
ing: Al integration across borders, ethical considerations, and policy implications. Interna-
tional Journal of Information Management. 82, p.102871.

Gutiérrez, M. M. G., Perona Paez, J. J. & Gutiérrez Bonilla, F. de P. 2024. ‘Models of brand
equity. A systematic and critical review. Cogent Business & Management, 11(1).

Gray, K. 2017. Al can be a troublesome teammate. Harvard Business Review. Available at:

https://hbr.org/2017/07/ai-can-be-a-troublesome-teammate

Haan, K. 2023. Over 75% of consumers are concerned about misinformation from artificial

intelligence. Forbes. Available at: https://www.forbes.com/advisor/business/artificial-intel-

ligence-consumer-sentiment/

Haenlein, M., Anadol, E., Farnsworth, T., Hugo, H., Hunichen, J. & Welte, D. 2020. Navi-

gating the new era of influencer marketing: How to be successful on Instagram, TikTok, &
Co. California Management Review. 63(1), pp. 5-25.

Hartmann, J., Exner, Y. & Domdey, S. 2025. The power of generative marketing: Can gen-
erative Al create superhuman visual marketing content?. International Journal of Research

in Marketing. 42(1), pp.13-31.



99

Hayton, J.C., Allen, D.G. & Scarpello, V. 2004. Factor retention decisions in exploratory
factor analysis: A tutorial on parallel analysis. Organizational research methods. 7(2),
pp-191-205.

Hennig-Thurau, T., Gwinner, K. P., Walsh, G. & Gremler, D. D. 2004. Electronic word-of-
mouth via consumer-opinion platforms: What motivates consumers to articulate themselves
on the Internet?. Journal of Interactive Marketing. 18(1), pp. 38-52.

Hoeffler, S. & Keller, K.L., 2002. Building brand equity through corporate societal market-
ing. Journal of Public Policy & Marketing. 21(1), pp.78—89.

Hoeffler, S. & Keller, K.L., 2003. The marketing advantages of strong brands. Journal of
brand management. 10, pp.421-445.

Hurley, A.E., Scandura, T.A., Schriesheim, C.A., Brannick, M.T., Seers, A., Vandenberg,
R.J. & Williams, L.J. 1997. Exploratory and confirmatory factor analysis: Guidelines, issues,
and alternatives. Journal of organizational behavior. pp.667-683.

Hutchins, J. & Rodriguez, D.X. 2018. The soft side of branding: leveraging emotional intel-
ligence. Journal of Business & Industrial Marketing. 33(1), pp.117-125.

lankova, S., Davies, 1., Archer-Brown, C., Marder, B. & Yau, A. 2019. A comparison of
social media marketing between B2B, B2C and mixed business models. Industrial Market-
ing Management, 81, pp.169-179.

Iversen, N.M. & Hem, L.E. 2008. Provenance associations as core values of place umbrella
brands: A framework of characteristics. European Journal of Marketing. 42(5/6), pp.603—
626.

Jago, A.S. 2019. Algorithms and authenticity. Academy of Management Discoveries. 5(1),
pp-38-56.

Jain, A.K., Murty, M.N. & Flynn, P.J. 1999. Data clustering: a review. ACM computing
surveys (CSUR). 31(3), pp.264-323.

Jam, F.A., Khan, T.I. & Paul, J. 2025. Driving brand evangelism by Unleashing the power
of branding and sales management practices. Journal of Business Research. 190, p.115214.

Jin, B.E. & Shin, D.C. 2021. The power of 4th industrial revolution in the fashion industry:
what, why, and how has the industry changed?. Fashion and Textiles. 8(1), p.31.

Joshi, A., Kale, S., Chandel, S. & Pal, D.K. 2015. Likert scale: Explored and explained.
British journal of applied science & technology. 7(4), p.396.

Joshi, S., Bhattacharya, S., Pathak, P., Natraj, N.A., Saini, J. and Goswami, S., 2025. Har-

nessing the potential of generative Al in digital marketing using the Behavioral Reasoning



100

Theory approach. International Journal of Information Management Data Insights, 5(1),
p-100317.

Jussila, J.J., Karkkéinen, H. & Aramo-Immonen, H. 2014. Social media utilization in busi-
ness-to-business relationships of technology industry firms. Computers in Human Behavior,
30, pp.606-613.

Kallevig, A. 2021. Maintaining a creative brand image in an omnichannel world. The Art of
Digital Marketing for Fashion and Luxury Brands: Marketspaces and Marketplaces. pp.131-
151.

Kallevig, A. 2024. The Distributed Creative Brand Image: Integrating Digital Influencer
Collaboration into Omnichannel Marketing Communication. In Digital Transformation for
Fashion and Luxury Brands: Theory and Practice. pp. 249-270. Cham: Springer International
Publishing.

Kannan, P. & Li, H. “Alice” 2017. Digital marketing: A framework, review and research
agenda. International journal of research in marketing. 34 (1), 22-45.

Kaplan, A.M. & Haenlein, M. 2010. Users of the world, unite! The challenges and opportu-
nities of social media. Business Horizons. 53(1), pp. 59—68.

Kaplan, A. & Haenlein, M. 2019. Siri, Siri, in my hand: Who’s the fairest in the land? On
the interpretations, illustrations, and implications of artificial intelligence. Business hori-
zons, 62(1), pp.15-25.

Kar, AK., Varsha, P.S. & Rajan, S. 2023. Unravelling the impact of generative artificial
intelligence (GAI) in industrial applications: A review of scientific and grey literature.
Global Journal of Flexible Systems Management. 24(4), pp.659-689.

Keller, K.L. 1993. Conceptualizing, measuring, and managing customer-based brand equity.
Journal of Marketing. 57(1), pp.1-22.

Kim, Y .K. & Sullivan, P. 2019. Emotional branding speaks to consumers’ heart: the case of
fashion brands. Fashion and textiles. 6(1), pp.1-16.

Kingsnorth, S.,2022. Digital marketing strategy: an integrated approach to online marketing.
Kogan Page Publishers.

Kirkby, A., Baumgarth, C. & Henseler, J., 2023. To disclose or not disclose, is no longer the
question—effect of Al-disclosed brand voice on brand authenticity and attitude. Journal of
Product & Brand Management, 32(7), pp.1108-1122.

Kozinets, R.V. & Gretzel, U. 2021. Commentary: Artificial intelligence: The marketer’s di-
lemma. Journal of Marketing. 85(1), pp.156—159.



101

Kumar, V., Rajan, B., Venkatesan, R. & Lecinski, J. 2019. Understanding the role of artifi-
cial intelligence in personalized engagement marketing. California Management Review.
61(4), pp.135-155.

Kucinskas, N.G. & Survilaite, E. 2025. Revealing Al Involvement in Ad Creation: Effects
on Authenticity, Brand Perceptions and Consumer Intentions. Journal Of Information Sys-
tems Engineering & Management, 10, pp.727-740.

Labib, E., 2024. Artificial intelligence in marketing: exploring current and future trends.
Cogent Business & Management, 11(1), p.2348728.

Lamberton, C. & Stephen, A. T. 2016 A Thematic Exploration of Digital, Social Media, and
Mobile Marketing: Research Evolution from 2000 to 2015 and an Agenda for Future Inquiry.
Journal of marketing. 80 (6), 146—172.

Lee, B., Kim, B. & Ivan, U.V. 2023. Enhancing the competitiveness of Al technology-based
startups in the digital era. Administrative Sciences. 14(1), p.6.

Lee, G. & Kim, H.Y. 2024. Human vs. Al: The battle for authenticity in fashion design and
consumer response. Journal of Retailing and Consumer Services. 77, p.103690.

Leeflang, P.S., Verhoef, P.C., Dahlstrém, P. & Freundt, T. 2014. Challenges and solutions
for marketing in a digital era. European management journal. 32(1), pp.1-12.

Leek, S., Canning, L. & Houghton, D. 2016. Revisiting the Task Media Fit Model in the era
of Web 2.0: Twitter use and interaction in the healthcare sector. Industrial Marketing Man-
agement. 54, pp.25-32.

Li, C., Lin, Y., Chen, R. & Chen, J.E. 2025. How Do Users Adopt Al-Generated Content
(AIGC)? An Exploration of Content Cues and Interactive Cues. Technology in Society.
p-102830.

Li, Y. & Xie, Y. 2020. Is a Picture Worth a Thousand Words? An Empirical Study of Image
Content and Social Media Engagement. Journal of marketing research. 57 (1), 1-19.
Lomas, L.Q., Elordi, A.G., Escondrillas, A.A. & De, D.L.D.I.G. 2021, September. A sys-
tematic literature review of artificial intelligence in fashion retail B2C. In 2021 6th interna-
tional conference on smart and sustainable technologies (SpliTech) (pp. 01-06). IEEE.
Longoni, C. & Cian, L., 2022. Artificial intelligence in utilitarian vs. hedonic contexts: The
“word-of-machine” effect. Journal of Marketing. 86(1), pp.91-108.

Lou, C., Kiew, S.T.J., Chen, T., Lee, T.Y.M., Ong, J.E.C. & Phua, Z. 2023. Authentically
fake? How consumers respond to the influence of virtual influencers. Journal of Advertising.

52(4), pp.540-557.



102

Mango Fashion Group. 2024. Mango creates the first campaign generated by artificial intel-
ligence for its Teen line. Available at: https://www.mangofashiongroup.com/en/w/mango-
crea-la-primera-campa%C3%B1a-generada-con-inteligencia-artificial-para-su-1%C3%AD-
nea-teen

Mangold, W.G. & Faulds, D.J. 2009. Social media: The new hybrid element of the promo-
tion mix. Business Horizons, 52(4), pp. 357-365.

Martin, W.E. & Bridgmon, K.D. 2012. Quantitative and statistical research methods: From
hypothesis to results. John Wiley & Sons.

Micu, A., Capatina, A., Cristea, D.S., Munteanu, D., Micu, A.E. & Sarpe, D.A. 2022. As-
sessing an on-site customer profiling and hyper-personalization system prototype based on
a deep learning approach. Technological Forecasting and Social Change. 174, p.121289.
Mucci, T. 2024. Al-generated content: What it is and how it works. IBM. Available at:

https://www.ibm.com/think/insights/ai-generated-content

Neuendorf, K.A. 2018. Content analysis and thematic analysis. In Advanced research meth-
ods for applied psychology. pp. 211-223. Routledge.

Nottorf, F. 2014. Modeling the clickstream across multiple online advertising channels using
a binary logit with Bayesian mixture of normals. Electronic commerce research and appli-
cations. 13 (1), 45-55.

Nunan, D. & Di Domenico, M. 2019. Older consumers, digital marketing, and public policy:
A review and research agenda. Journal of Public Policy & Marketing, 38(4), pp. 469-483.
O’Brien, A. 2025. How can fashion brands get Al campaigns right? Vogue Business. Avail-

able at: https://www.voguebusiness.com/story/how-can-fashion-brands-get-ai-campaigns-

right

Oliveira-Castro, J.M., Foxall, G.R., James, V.K., Pohl, R.H.B., Dias, M.B. & Chang, S.W.
2008. Consumer-based brand equity and brand performance. The Service Industries Journal.
28(4), pp-445—461.

Overgoor, G., Chica, M., Rand, W. & Weishampel, A. 2019. Letting the computers take
over: Using Al to solve marketing problems. California Management Review. 61(4),
pp-156-185.

Ozuem, W. & Willis, M. 2024. Artificial intelligence and predictive analytics: towards a
praxis of personalised shopping experiences. In Digital transformation for fashion and lux-

ury brands: Theory and practice (pp. 3-26). Cham: Springer International Publishing.



103

Park, J. & Ahn, S. 2024. Traditional vs. Al-generated brand personalities: Impact on brand
preference and purchase intention. Journal of Retailing and Consumer Services. 81,
p-104009.

Parris, D. L. & Guzman, F. 2023. Evolving brand boundaries and expectations: looking back
on brand equity, brand loyalty, and brand image research to move forward. Journal of prod-
uct & brand management. 32 (2), 191-234.

Patterson, M. 1999. Re-appraising the concept of brand image. Journal of Brand Manage-
ment. 6, pp.409-426.

Pelau, C., Dabija, D.C. & Ene, 1. 2021. What makes an Al device human-like? The role of
interaction quality, empathy and perceived psychological anthropomorphic characteristics
in the acceptance of artificial intelligence in the service industry. Computers in Human Be-
havior. 122, p.106855.

Peng, C.Y.J., Lee, K.L. & Ingersoll, G.M. 2002. An introduction to logistic regression anal-
ysis and reporting. The journal of educational research. 96(1), pp.3-14.

Plotkina, D., Rabeson, L. & Bambauer-Sachse, S. 2025. The role of green brand image in
explaining European consumers’ reactions to different types of sustainable packaging. Jour-
nal of Retailing and Consumer Services. 84, p.104228.

Rathnayaka, U. 2018. Role of digital marketing in retail fashion industry: A synthesis of the
theory and the practice. Journal of Accounting & Marketing. 7(02), pp.30-33.

Reid, H. 2025. Zalando uses Al to speed up marketing campaigns, cut costs. Reuters. Avail-

able at: https://www.reuters.com/business/media-telecom/zalando-uses-ai-speed-up-mar-

keting-campaigns-cut-costs-2025-05-07/
Reisenbichler, M., Reutterer, T., Schweidel, D.A. & Dan, D. 2022. Frontiers: Supporting

content marketing with natural language generation. Marketing Science. 41(3), pp.441-452.
Rivas, P. & Zhao, L. 2023. Marketing with ChatGPT: Navigating the ethical terrain of GPT-
based chatbot technology. Al 4(2), pp.375-384.

Ross, K. 2022. Artificial intelligence in fashion manufacturing: from factory operation to
advisory role. In Leading edge technologies in fashion innovation: Product design and de-
velopment process from materials to the end products to consumers (pp. 95-116). Cham:
Springer International Publishing.

Roth, M.S. 1995. Effects of global market conditions on brand image customization and
brand performance. Journal of Advertising. 24(4), pp.55-75.

Rubin, H.J. & Rubin, I.S. 2011. Qualitative interviewing: The art of hearing data. Sage.



104

Russell, S.J. & Norvig, P. 2016. What is AI?. Artificial intelligence: a modern approach.
Pearson.

Saima & Khan, M.A. 2020. Effect of social media influencer marketing on consumers’ pur-
chase intention and the mediating role of credibility. Journal of Promotion Management.
27(4), pp.503-523.

Satra, H.S. 2023. Generative Al: Here to stay, but for good?. Technology in Society. 75,
p.102372.

Sands, S., Campbell, C.L., Plangger, K. & Ferraro, C., 2022. Unreal influence: leveraging
Al in influencer marketing. European Journal of Marketing. 56(6), pp.1721-1747.

Shrestha, N. 2021. Factor analysis as a tool for survey analysis. American journal of Applied
Mathematics and statistics. 9(1), pp.4-11.

Siau, K. & Wang, W. 2018. Building trust in artificial intelligence, machine learning, and
robotics. Cutter business technology journal. 31(2), p.47.

Sinaga, K.P. & Yang, M.S. 2020. Unsupervised K-means clustering algorithm. IEEE access
8, pp-80716-80727.

Silva, E.S. & Bonetti, F. 2021. Digital humans in fashion: Will consumers interact?. Journal
of Retailing and Consumer Services. 60, p.102430.

Smith, A.N., Fischer, E. & Yongjian, C. 2012. How does brand-related user-generated con-
tent differ across YouTube, Facebook, and Twitter?. Journal of interactive marketing. 26(2),
pp-102-113.

Sprout Social. 2023. New research indicates a shift in what consumers find memorable on

social media. Available at: https://investors.sproutsocial.com/news/news-details/2023/New-

Research-Indicates-a-Shift-in-What-Consumers-Find-Memorable-on-Social-Media/de-

fault.aspx
Steele, V. & Major, J.S., 2025. Fashion industry. Encyclopaedia Britannica. Available at:

https://www.britannica.com/art/fashion-industry

Stone, M., Aravopoulou, E., Ekinci, Y., Evans, G., Hobbs, M., Labib, A., Laughlin, P.,

Machtynger, J. & Machtynger, L. 2020. Artificial intelligence (Al) in strategic marketing
decision-making: a research agenda. The Bottom Line. 33(2), pp.183-200.

Stone, M.D. & Woodcock, N.D. 2014. Interactive, direct and digital marketing: A future that
depends on better use of business intelligence. Journal of Research in Interactive Marketing.

8(1), pp. 4-17.



105

Tam, F.Y. & Lung, J. 2025. Digital marketing strategies for luxury fashion brands: A sys-
tematic literature review. International Journal of Information Management Data Insights.
5(1), p.100309.

Thomas, V.L. & Fowler, K. 2020. Close encounters of the Al kind: Use of Al influencers as
brand endorsers. Journal of Advertising. 50(1), pp.11-25.

Tobias, S. & Carlson, J.E. 1969. Brief report: Bartlett's test of sphericity and chance findings
in factor analysis. Multivariate behavioral research. 4(3), pp.375-377.

Tuominen, P. 1999. Managing brand equity. LTA. 1(99), pp.65-100.

Ugok Hughes, M., Bendoni, W K. & Pehlivan, E. 2016. Storygiving as a co-creation tool for
luxury brands in the age of the internet: A love story by Tiffany and thousands of lovers.
Journal of Product & Brand Management. 25(4), pp.357-364.

Valentini, C., Romenti, S., Murtarelli, G. & Pizzetti, M. 2018. Digital visual engagement:
Influencing purchase intentions on Instagram. Journal of Communication Management.
22(4), pp. 362-381.

Van Dijck, J. 2013. The culture of connectivity: A critical history of social media. Oxford:
Oxford University Press.

Van Esch, P. & Stewart Black, J. 2021. Artificial intelligence (Al): Revolutionizing digital
marketing. Australasian Marketing Journal. 29(3), pp.199-203.

Voorveld, H. A. M. 2019. Brand Communication in Social Media: A Research Agenda.
Journal of Advertising. 48(1), pp. 14-26.

Wach, K., Duong, C.D., Ejdys, J., Kazlauskaité, R., Korzynski, P., Mazurek, G., Paliszkie-
wicz, J. & Ziemba, E. 2023. The dark side of generative artificial intelligence: A critical
analysis of controversies and risks of ChatGPT. Entrepreneurial Business and Economics
Review. 11(2), pp.7-30.

Wan, J., Zhou, L. & Wang, Y. 2024, May. The Concept and Connotation of “AIGC+”: A
Retrospect and Prospect of AIGC. In Wuhan International Conference on E-business (pp.
118-129). Cham: Springer Nature Switzerland.

Wen, Y. & Laporte, S., 2024. Experiential narratives in marketing: A comparison of gener-
ative Al and human content. Journal of Public Policy & Marketing. 0(0) pp. 1-19.
Wertime, K. & Fenwick, 1. 2011. DigiMarketing: The Essential Guide to New Media and
Digital Marketing. Hoboken: John Wiley & Sons



106

Yang, F., Abedin, M.Z., Qiao, Y. and Ye, L., 2024. Towards Trustworthy Governance of
Al-Generated Content (AIGC): A Blockchain-Driven Regulatory Framework for Secure
Digital Ecosystems. IEEE Transactions on Engineering Management. 71, pp. 14945-14962.
Yasmin, A., Tasneem, S. & Fatema, K. 2015. Effectiveness of digital marketing in the chal-
lenging age: An empirical study. International Journal of Management Science and Business
Administration. 1(5), pp. 69-80.

Yoo, B., Donthu, N. & Lee, S. 2000. An examination of selected marketing mix elements
and brand equity. Journal of the Academy of Marketing Science. 28(2), pp.195-211.

Yoo, B. & Donthu, N. 2001. Developing and validating a multidimensional consumer-based
brand equity scale. Journal of business research. 52 (1), 1-14.

Zeng, N., Jiang, L., Vignali, G. & Ryding, D. 2023. Customer interactive experience in lux-
ury retailing: the application of Al-enabled Chatbots in the interactive marketing. In The
Palgrave Handbook of Interactive Marketing (pp. 785-805). Cham: Springer International
Publishing.

Zhang, J.J., Wang, Y.W_, Ruan, Q. & Yang, Y. 2024. Digital tourism interpretation content
quality: A comparison between Al-generated content and professional-generated content.
Tourism Management Perspectives. 53, p.101279.

Zhang, C., Zhang, C., Zheng, S., Qiao, Y., Li, C., Zhang, M., Dam, S.K., Thwal, C.M., Tun,
Y.L., Huy, L.L., Kim, D., Bae, S., Lee, L., Yang, Y., Shen, H.T., Kweon, I.S. & Hong, C.S.
2023. A complete survey on generative Al (AIGC): Is ChatGPT from GPT-4 to GPT-5 all
you need?. arXiv.

Zhou, S., McCormick, H., Blazquez, M. & Barnes, L. 2019. eWOM: The rise of the opinion
leaders. Social Commerce: Consumer Behaviour in Online Environments, pp.189-212.

Note: More information on referencing is available in Appendix 2.



Appendix 1. Survey Questionnaire in English

Perceptions of Al-Generated Content in
Fashion Brand Communication

This survey is being conducted as part of a Master’s thesis within the Double Degree
Programme between the University of Pavia, italy and LUT University, Finland, The research
is being carried out by Merve Sultan Hatkenli and aims to examine how Al-generated
content (AIGC) in fashion brand communication is perceived by consumers.

Participants are kindly invited to share their perspectives. The survey is expected to take
approximately 5-7 minutes to Al wil be ly and
used exclusively for academic purposes.

mervehatkenli@gmall.com Switch account &

3 Not shared

* Indicates required question

Al-generated content (AIGC) refers to texts, images, or vid:os created with the artificial
intelligence tools like ChatGPT or Midjourney. Such content can be used in brand
promotions or social media posts.

1. What is your gender? *

QO Female

O Male

Q Prefer not to say

2. What is your age group? *
Under 18

18-24

25-34

35-44

45-54

OO0O00O0O0

55 and above

3. What is your highest level of education? *
(O High school or lower

(O Bachelor's degree

O Master's degree

O Doctorate or higher

4. Which of the following best describes your currentoccupation? *
QO student

QO Eemployed (fulltime or part-time)

QO self-employed

O Unemployed

QO other:

5. How would you rate your familiarity with Al-generated content (AIGC)? *
1 2 3 4 s

Not familiar at all O O O O O Very familiar



6. Have you ever come across brand content that you suspected was created by *
artificial intelligence (Al)?

QO VYes
O No
O Maybe

7. How confident are you in identifying whether brand content is Al-generated or  *
human-made?

Not confident at all O O O O O Very confident

8. In your own words, how do you personally identify whether a piece of content
(text, image, etc.) is generated by Al?

Your answer

9. Which types of brand content do you believe are most likely to be Al-generated? *
(Select all that apply)

Product descriptions

Social media posts or captions
Emails or newsletters

Chatbot responses

Advertisements or promotional copy

Visual content (e.g., images, product mockups)

O0D0O0OO0O0OOo

None of the above

10. Would knowing that a brand's public content (e.g., social media post or *
product description) was Al-generated affect how you interpret its message?

O Yes, | would take it less seriously
O Yes, | would be impressed by the technology
O Yes, | would approach it more cautiously

O No, it wouldn't make a difference

(O Notsure

11. Which of the following do you follow or engage with on social media? (Select *
all that apply)

[] official fashion brand accounts

E] Fashion influencers or content creators

(O] Fashion news pages

D Al-generated fashion content or virtual influencers

D | don't follow fashion content on social media

Next I Page 10f 3 Clear form



12. How effective do you find the following types of content when engaging with a
fashion brand?

Product photos *

Not effective at all O O O O O Extremely effective

User-generated content (e.g. customer photos or reviews) *

Not effective at all O O O O O Extremely effective

Al-generated product recommendations (E.g. Recommendations based on past  *
purchases, personalized fashion product suggestions)

Not effective at all O O O O O Extremely effective

Brand storytelling (e.g. sustainability, heritage, values) *

Not effective at all O O O O O Extremely effective

Chatbot interactions *

Not effective at all O O O O O Extremely effective

Personalized emails or suggestions

Not effective at all O O O O O Extremely effective

13. Would knowing that a fashion brand uses Al-generated content affect your ~ *
perception of the brand?

O VYes, positively
(O VYes, negatively

(O No, it wouldn't make a difference

(O Notsure

Back Next S  Page 2 of 3 Clear form



14. To what extent do you agree with the following statements about fashion
brands that use Al in their content?

| trust fashion brands that are transparent about using Al-generated content. *

Strongly disagree O O O O O Strongly agree

I trust Al-generated content as much as human-created content when it comes
from a brand | know.

Strongly disagree O O O O O Strongly agree

If a fashion brand hides its use of Al, my trust in that brand would decrease. *

Strongly disagree O O O O O Strongly agree

| am concerned that Al might manipulate messages to make products sound
better than they are.

Strongly disagree O O O O O Strongly agree

If I found out that Al-generated content included false or misleading claims, |
would lose trust in the brand.

Strongly disagree O O O O O Strongly agree

| believe Al-generated content can be just as honest as human-created content
when used ethically.

Strongly disagree O O O O O Strongly agree

| feel a stronger connection with a fashion brand when | know the content was
created by humans.

Strongly disagree O O O O O Strongly agree



Al-generated content sometimes fails to reflect the unique personality of a
fashion brand.

Strongly disagree O O O O O Strongly agree

Content created by humans better conveys the emotions and values behind a
fashion brand.

Strongly disagree O O O O O Strongly agree

| feel more connected to a fashion brand when its content feels consistent and
human-driven.

Strongly disagree O O O O O Strongly agree

Even when generated by Al, content can still build emotional engagement if it
matches the brand’s voice.

Strongly disagree O O O O O Strongly agree

A mismatch in tone or personality in Al-generated content makes me feel less
emotionally attached to the brand.

Strongly disagree O O O O O Strongly agree

A brand can still appear authentic even when using Al-generated content,
depending on how it is presented.

Strongly disagree O O O O O Strongly agree

The use of Al-generated content risks diluting the brand's personality. *

Strongly disagree O O O O O Strongly agree

*

*



Al-generated visuals or texts can sometimes feel generic and uninspired in a *
fashion context.

Strongly disagree O O O O O Strongly agree

Creativity and self-expression are central to fashion — and | expect brand content *
to reflect that, regardless of how it's made.

Strongly disagree O O O O O Strongly agree

| worry that Al-generated content makes fashion brands sound too similar to one *
another.

Strongly disagree O O O O O Strongly agree

When | see content that feels generic or repetitive, | assume it might have been ~ *
made by Al.

Strongly disagree O O O O O Strongly agree

If multiple fashion brands start using Al, I'm concerned their brand identities will  *
start to blur.

Strongly disagree O O O O O Strongly agree

The use of Al-generated content makes a fashion brand seem more innovative. *

Strongly disagree O O O O O Strongly agree

Overuse of Al-generated content may harm a brand’s image in the long run. *

Strongly disagree O O O O O Strongly agree



A well-balanced mix of Al- and human-generated content enhances a fashion *
brand’s image.

1 2 3 4 5

Strongly disagree O O O O O Strongly agree

When done well, Al-generated content can enhance the professionalism of a *
brand’s communication.

1 2 3 4 5

Strongly disagree O O O O O Strongly agree

Fashion brands that use Al in a creative way stand out positively in the market. *

1 2 3 4 5

Strongly disagree O O O O O Strongly agree
Brands that rely too much on automation risk losing their unique character. *

Strongly disagree O O O O O Strongly agree

Page 3 of 3 Clear form



